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Increasing pressure on food production, both in terms of quantity and quality, has
called for intensification and modernization of the agricultural sector. The “Internet of
Things” (IoT) is a highly promising technology capable of advancing agricultural
operations. The IoT-based real-time monitoring of soil water status and crop canopy
temperature in maize and soybean could potentially improve irrigation efficiency, leading
to the profitability of field crop production and conservation of natural resources. The
overall goal of the work presented here is to design, develop, and evaluate the unmanned
aerial system-based wireless sensor system (UWSN) for the purpose of irrigation
management by real-time monitoring of soil water content and crop canopy temperature.
Four specific objectives were identified: 1) assess soil structure and texture effects on soil
water content measurements using a capacitance-based electromagnetic sensor, 2)
develop upper (water-stressed) and lower (non-water stressed) baselines for the
quantification of crop water stress index, 3) evaluate the performance of a sensor-based
irrigation decision support system (managed by soil water and plant feedback), and 4)
design and validate a UWSN system with the airborne data mule deployed on the
unmanned aerial vehicle (UAV) and the stationary sensor node stations on the ground.
High precision in soil water content was reported in undisturbed soil structure while the

uncertainty in the estimation of soil water depletion (Drw) was low. The parameters ΔT
(crop canopy temperature differential) and Drw are related after a Drw threshold are
attained for maize and soybean. The sensor-based irrigation treatment yielded higher
irrigation water use efficiency in comparison to the conventional treatment for maize and
soybean. The UWSN system communicated effectively with the sensor node stations
when the UAV maneuvered over the vicinity (within 30 m height and 40 m radius) of the
sensor node stations. Future studies aiming to investigate the proposed UWSN system for
irrigation management under different climatic conditions would strengthen the practical
adaptability of this design and may signal new research opportunities.
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CHAPTER I
INTRODUCTION
Irrigated agriculture is the primary consumer of freshwater resources in the
United States, accounting for around 80 - 90 per cent of the nation’s consumption of
water (Schaible and Aillery, 2012). Currently, the state of Nebraska has the largest
irrigation area in the United States with 8.6 million acres of land under irrigation
(Eisenhauer et al., in press). There are over one hundred thousand active irrigation wells
in Nebraska and every decade, on average, ten thousand wells are added; this is
increasing pressure on freshwater resources in the High Plains aquifer, which
encompasses major parts of Kansas, Colorado, Oklahoma, and Texas, with water levels
declining (Steward and Allen, 2016). The most commonly used irrigation scheduling
method is to determine the soil water status in the root zone and apply water if the soil
water is insufficient for the plant growth and development (Evett and Parkin, 2005). The
optimum utilization of water in irrigated agriculture is essential for sustainable use of
freshwater resources. One of the key components in irrigation and drainage research is
accurate and continuous determination of soil water content that helps drive efficient
management of irrigation and drainage (Evett, 2007).
Wireless sensor networks have been implemented as cost-effective processes to
improve irrigation management systems (Adamala et al., 2014). Wireless communication
technology has been highlighted as a potential tool for the advancement of precision
agriculture through the implementation of wireless sensor networks (WSN). Various
studies have demonstrated the potential of WSNs in precision agriculture when applied to
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irrigation management systems (Adamala et al., 2014), farming systems monitoring
(Siddique et al., 2019), pest and disease control (Bhargava et al., 2014), controlled use of
fertilizers (Gonçalves et al., 2014), and greenhouse gases monitoring (Malaver et al.,
2015). WSNs can serve as cost-effective tools for improving irrigation water
management. The implementation of WSN for benchmarking analysis in estimating
water use and its efficiency could be valuable since irrigation management could be
improved through better timing and depth of irrigation application (i.e., irrigation
scheduling), reducing the likelihood of excessive or insufficient irrigation.
Recent innovations in irrigation technology offer the potential to improve the
efficiency and profitability of field crop production and conservation of natural resources.
Variable rate irrigation systems can site-specifically apply irrigation water at variable
depths within the field to account for spatial variability while conventionally, irrigation is
applied uniformly which intends to apply equal depth of water to all parts of the field. A
wide range of electromagnetic sensors and thermal sensing technologies have been
developed that monitor soil water content and crop canopy temperatures. These sensors
and equipment are being adopted for irrigation scheduling. Recently developed
electromagnetic soil water sensors are being widely used by researchers and producers to
determine soil water content and schedule irrigation (Datta et al., 2018; Huang et al.,
2017; Kukal et al., 2020; Lea-Cox et al., 2018; Ojo et al., 2014; Rudnick et al., 2015;
Singh et al., 2018; Varble and Chávez, 2011). Effective calibration of soil water content
sensors is essential before their application for soil water content measurement and
determination of the amount of irrigation application. Sensor calibrations for different
soil textures have been conducted generally using soil with disturbed structure in a
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laboratory and using soil with an undisturbed structure in the field. However, there is a
lack of research evaluating whether there is a difference in calibration responses for
disturbed and undisturbed soil samples in the same conditions. Also, the evaluation of
soil structure and texture effects on soil moisture determination is needed. It is imperative
that the calibration environment matches the intended soil environment. In Chapter II, the
relationship between sensor output and actual water content is investigated based on
disturbed versus undisturbed soil.
Crop canopy temperature as an indicator of crop water stress is a plant based
method to determine the timing of irrigation application (Candogan et al., 2013; DeJonge
et al., 2015; Irmak et al., 2000; O’Shaughnessy et al., 2017, 2012; Payero and Irmak,
2006; Peters and Evett, 2008; Taghvaeian et al., 2012). Crop Water Stress Index (CWSI)
is defined as the temperature differential relative to the temperature difference between a
well-watered canopy (dTLL) and non-transpiring canopy (dTUL) for a crop (Idso et al.,
1981a, 1981b; Jackson et al., 1981). The dTLL is measured as a linear function of
atmospheric vapor pressure deficit (VPD), and this relationship is known as non-water
stressed baseline. Similarly, dTUL is estimated as the linear function of vapor pressure
gradient, and the relationship is known as water stressed baseline. It is essential to
develop a location specific non-water stressed baseline before its application for
quantifying CWSI and scheduling irrigation (Nielsen, 1990). In Chapter III, the use of
thermal sensing technologies to determine CWSI for scheduling irrigation is investigated.
To account for variability in soil and plant characteristics, a WSN system should
be comprised of a number of nodes, each equipped with electromagnetic soil water
sensors, and canopy temperature sensors to continuously spatially monitor the soil water
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status, and crop water stress, respectively. The real-time monitoring of soil water content
and crop canopy temperatures would help farmers determine soil water and plant
feedbacks. Irrigation management based on soil water and plant feedback should provide
a good decision support system and result in improved crop water productivity. In
Chapter IV, the decision support system comprised of soil water content sensors and
infrared radiometers was used to prescribe irrigation in a sensor-based treatment. The
results of the sensor-based treatment were compared with the conventional treatment
(managed by a crop consultant) and the control (rainfed) treatment.
Unmanned aerial systems (UASs) have found applications in wireless
communication during the past few years because of their high maneuverability and low
cost. It can be hypothesized that to augment the WSN system remote communication
using UAS technology would determine the soil water and plant feedback more
efficiently than commercially available sprinkler irrigation systems equipped with
precision irrigation control to effectively create prescriptions for water application. Along
with the existing WSN, an UAS can be considered as a communication carrier, and can
be used to form a UAS based WSN (UWSN). Research into the potential and scope of an
UWSN for various agricultural operations in regards to improving irrigation management
and food crop yields, and minimizing the burden of farmers is needed. A UWSN system
would be a hybrid of terrestrial surface and sub-surface sensor network stations
communicated with an airborne data mule deployed on the UAS to retrieve soil water and
crop temperatures through the UWSN enabled wireless communication. The design
criteria of the UWSN system should consider different wireless technologies available,
types of UAS, power source for the radio, and memory storage could be assessed. The
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major constraints while designing the system are the cost and the adoptability of the
design. In Chapter V, a design for a UWSN system is proposed and validated. A few
designs based on the design objectives, criteria and constraints are presented and assessed
in this study. Following that, the best design model which fits in the desired requirements
is tested over maize during two growing seasons.
A real-time monitoring UWSN system was designed and validated, and following
goals were met: i) calibration of soil water content sensors in different soil structural and
soil textural settings; ii) developing baselines for the quantification of crop water stress
index in the sub-humid climate; iii) investigation of a sensor-based decision support
system (DSS) for irrigation management; and iv) designing and deploying an airborne
unmanned aerial vehicle (UAV) based data mule system.
 The specific objectives for Chapter II were as follows:
o evaluating differences in responses of soil moisture sensors installed in
varying soil structure (disturbed and undisturbed) and textural conditions
o assessing the uncertainty involved in field irrigation scheduling based on
depletion as well as management based on volumetric water content.
 The specific objectives for chapter III were as follows:
o investigate the relationship between ΔT and the Drw for maize and soybean for
multiple growing seasons and determine the potential variations of this
relationships between the years,
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o develop upper (water stressed) and lower (non-water stressed) baselines for
quantification of CWSI in maize and soybean in a sub-humid climate (eastcentral Nebraska, USA), and
o quantify CWSI for crops near 80% crop canopy cover to maturity during the
three growing seasons and relate the seasonal CWSI for each replicate in 2018
and 2019 with the average yield from surrounding plots for the growing
seasons, following the approach presented by Irmak et al. (2000).
 The specific objectives for chapter IV were as follows:
o evaluate the decision support system that used soil water and plant feedback to
manage irrigation in comparison with a conventional treatment (irrigation
managed by a producer/agronomist) and a rainfed (control/no-irrigation)
treatment.
 The specific objectives for chapter V were as follows:
o Proposing various designs for the airborne based UAS based data mule and
shortlisting a single design based on the favorable design criteria, constraints,
and parameters.
o Investigating the practical adoptability of the selected design over a stationary
wireless sensor network system at different heights and lateral distances from
the node stations.
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CHAPTER II
SOIL STRUCTURE AND TEXTURE EFFECTS ON THE PRECISION OF SOIL
WATER CONTENT MEASUREMENTS WITH A CAPACITANCE-BASED
ELECTROMAGNETIC SENSOR
2.1

INTRODUCTION
Accurate and continuous determination of soil water content helps drive efficient

management of irrigation and drainage, making it one of the key components in irrigation
and drainage research (Evett, 2007). Knowledge of irrigation scheduling principles is
essential to develop and implement an effective irrigation management plan for each field
on a farm. This knowledge can better inform the timing and depth of irrigation
application, thereby reducing the likelihood of excessive or insufficient irrigation. Soil
water quantity is one of the most essential geophysical estimates for implementation of
deficit irrigation, which helps to carefully manage crop water status to maximize grain
yield with a limited water supply (Geerts and Raes, 2009). In order to maximize yields
from a given farm area when water supply is adequate, an appropriate irrigation
scheduling strategy is to prevent crop water stress throughout the growing season and
also avoiding excess water application. However, in situations with inadequate water
availability, it is challenging to carefully manage the distribution of water supply
throughout the growing season to attain the best yield possible (Martin et al., 1990).
Soil volumetric water content (θv) quantifies the amount of water in soil. The
available water holding capacity of the soil (amount of water available to the plant) is the
water held between field capacity (FC) and permanent wilting point (PWP), i.e. the upper
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and lower limits of water available to plants. The FC is often defined as the soil water
content of a previously saturated soil after 24 hours of free drainage into the underlying
soil, and PWP is the soil water content at which the crop wilts and cannot recover even if
irrigated. In addition, crops need to be irrigated before the available water is totally
depleted, because the crop will have already been subjected to substantial water stress
(and yield loss). Therefore, the management allowed depletion (MAD) concept is often
used, initiating an irrigation application when soil water has decreased to a specific θMAD
level (Evett, 2007). The MAD is a management technique/indicator involving maximum
soil water extraction to prevent yield reduction due to water stress. The θMAD could vary
depending on soil type, rooting depth, crop sensitivity to water stress, time of season,
characteristics of the irrigation system, and other factors (Martin et al., 1990). The θMAD
is typically selected so that the soil never becomes dry enough to limit plant growth and
yield, although in some situations it may be a drier value that allows development of
some plant stress. Irrigation application is commonly initiated at a θv higher than θMAD
due to θv measurement error that may result in unintended crop stress.
Measurement of FC would reduce some of the uncertainty associated with using a
pedotransfer function; however, determination of FC is complex and tedious as it can
change with soil texture and soil layering (Romano and Santini, 2002), and it is not
practical for irrigation managers to measure it (King et al., 2006). However, measurement
of “observational field capacity” (FCobs), an estimate of FC in the field under nonexperimental conditions, is relatively easy and practically feasible for a producer. Martin
et al. (1990) demonstrated that “good indication of the field capacity water content can be
determined by sampling field soils one to three days after a thorough irrigation or rain
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and when crop water use is small’’ and this suggestion is consistent with the concept of
FCobs (Lo et al., 2017).
Electromagnetic (EM) sensors are widely used in agricultural research and
production settings. These sensors gather information about soil, crop and climatic
parameters at a high spatial and temporal resolution along with the ability to be a part of
wireless sensor network systems. Sensor data provide insights into agricultural processes
governing crop growth, water and nutrient utilization in the soil, as well as help with
timely and informed decisions for management practices. EM sensors have found wide
application in monitoring θv (Baumhardt et al., 2000; Kelleners et al., 2004; Lo et al.,
2020; Namdar-Khojasteh et al., 2012; Paige and Keefer, 2008; Singh, 2017; Singh et al.,
2019; Vaz et al., 2013), because of various advantages they offer: 1) easy installation, 2)
high cost-effectiveness, 3) lesser regulatory and safety concerns (compared to a neutron
moisture meter), and 4) continuous measurements (Varble and Chávez, 2011). However,
factors such as temperature, apparent electrical conductivity, textural composition,
organic matter content (OMC), and bulk density can influence soil θv, and these factors
may not be considered in the factory calibration of EM sensors. Factory calibrations were
described by Hignett and Evett (2008) as being “commonly performed in a temperature
controlled room, with distilled water and in easy to manage homogeneous soil materials
(loams or sands) which are uniformly packed around the sensor.” On the other hand, field
conditions where EM sensors are installed might differ from these controlled conditions,
which may reduce the applicability of factory calibrations (Hignett and Evett, 2008).
While time domain reflectometry (TDR) is regarded as one of the most accurate
methods to determine θv (Dobriyal et al., 2012), the capacitance and frequency domain
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technology based sensors offer more practical and cost-effective alternatives to TDRs.
The performance of EM soil water sensors under various soil conditions has been
investigated extensively in the past (Geesing et al., 2004; Mittelbach et al., 2012;
Rudnick et al., 2018; Singh et al., 2018; Varble and Chávez, 2011; Vaz et al., 2013), and
some studies have proposed to correct for non-water influences on θv by developing soilspecific calibrations. For capacitance and frequency domain technology based soil
moisture sensors, the sensor response over a large range of θv has been captured in the
laboratory (Adeyemi et al., 2016; Goswami et al., 2019; Ojo et al., 2015; Provenzano et
al., 2016; Santhosh et al., 2017) or in the field (Datta et al., 2018; Huang et al., 2017;
Lea-Cox et al., 2018; Ojo et al., 2014; Rudnick et al., 2015; Sui, 2017).
Sensor calibrations for different soil textures have been conducted generally using
soil with disturbed structure in a laboratory and using soil with an undisturbed structure
in the field. However, there is a lack of research evaluating whether there is a difference
in calibration responses for disturbed and undisturbed soil samples in the same conditions
to determine whether the relationship between sensor output and actual θv is truly
different in disturbed versus undisturbed soil, in which case the calibration environment
may need to match the intended soil environment. Manufacturers’ calibrations for soil
moisture sensors are typically based on the response of these sensors on disturbed soil
samples whereas undisturbed soil samples capture the structure of soil in field.
Investigation of an undisturbed soil sample in a laboratory setting would allow for a more
controlled experiment, e.g. complete saturation, drying, and determination of θv by
gravimetric method, compared to a calibration in the field. In addition, this comparison
might guide us towards a better calibration procedure for soil moisture sensing devices as
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well as with a better understanding of the influence of soil structure on the calibration
method for these sensors.
The specific objectives for this research were to: 1) evaluate differences in
responses of soil moisture sensors installed in varying soil structure (disturbed and
undisturbed) and textural conditions, 2) assess the uncertainty involved in field irrigation
scheduling based on depletion as well as management based on volumetric water content.

2.2

MATERIAL AND METHODS

2.2.1

SITE AND SOIL DESCRIPTION
A laboratory study was conducted to analyze the performance of a recently

developed soil moisture EM sensor using capacitance and frequency domain technology
in two different soil classes. The soil used in the experiment was collected from a
specified depth (0.08-0.23 m) at two sites across a center-pivot irrigated field in Mead,
Nebraska, USA. The soil collection sites in the field were occurrences of Fillmore (Fine,
smectic, mesic Vertic Argiabolls), and Yutan (Fine-silty, mixed, superactive, mesic
Mollic Hapludalfs). According to the National Resources Conservation Service (NRCS)
classification system, the corresponding textural classes were silt loam and silty clay
loam (Table 2.1).
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Table 2.1. Textural composition, organic matter content (OMC), bulk density (ρ b), and saturated paste
extract electrical conductivity (ECa) of the soil at the study site as determined from three soil cores; mean ±
standard deviation were reported for each property.
Soil Type
Yutan silty clay loam
Fillmore silt loam

2.2.2

Sand (%)
19 ± 2
17 ± 1

Silt (%)
46 ± 2
47 ± 1

Clay (%)
35 ± 2
37 ± 1

OMC (%)
3.8 ± 0.0
4.4 ± 0.1

ρb (g cm-3)
1.35 ± 0.06
1.29 ± 0.02

EC(dSm-1)
0.24 ± 0.02
0.41 ± 0.03

SENSOR DESCRIPTION
A recently developed capacitance and frequency domain technology based sensor

– GS-1 (MeterEnvironment, Pullman, Wash.) was used for this study. The GS-1 sensor is
configured with two parallel rods (5.2 cm in length) which serve as the waveguide. The
sensor head has all the necessary firmware and electronics which generate an
electromagnetic field in the surrounding medium to measure dielectric constant. The
sensor is designed to use an oscillator running at 70 MHz frequency that charges in
response to the dielectric constant of the surrounding material. The measured dielectric
constant is correlated to apparent permittivity which is correlated to θv. The charge value
(mV) provided by the GS-1 sensor is related to the θv by Equation 2.1. The sensor has the
capability to remain in the soil for a long time over years and has a measurement volume
of 430 mL (Figure 2.1). A Campbell Scientific CR1000 datalogger (Campbell Scientific,
Inc., Logan, Utah, USA) was used to report θv. The sensor relates the charge (mV) to the
θv of the measurement volume using the manufacturer’s equation:
𝜃𝑣 = 4.94 × 10−4 × 𝑚𝑉 − 0.554
2.2.3

(2.1)

EXPERIMENT DESCRIPTION
Three vertical soil columns for each disturbed and undisturbed soil samples

(Figure 1) were constructed for each of the two soil collection sites (12 samples total).
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Each soil column was contained in a separate polyvinyl chloride (PVC) pipe section
(0.203 m length by 0.152 m internal diameter). The PVC pipe section was beveled from
one side, and then hammered vertically into the soil with the beveled side at the bottom
with a soil hammer that had a metallic plate at the base slightly larger than the external
diameter of PVC pipe. For each replication, the top 0.076 m of soil was excavated before
sample collection.
For undisturbed soil sampling, the PVC pipe was hammered up to a depth of
0.102 m into the soil to collect a 0.102 m intact soil core, and then the GS-1 sensor was
inserted downward into the soil column section until the bottom of sensor head was flush
with the top of the column; subsequently a 0.050 m layer of the soil was packed over the
top of sensor at the same bulk density resulted in a total core length of 0.152 m. The soil
column with undisturbed soil structural setup closely mimics the installation of a sensor
in the field; unless inserted directly into the soil surface, the sensor head will inevitably
be surrounded by disturbed soil while the rods are in intact soil. The soil sampling for
disturbed soil setup was done by hammering the PVC pipe up to a depth of 0.152 m. The
PVC pipe sections were then dug out, leveled and the bottom end of each pipe section
was secured with landscape fabric and window screen to serve as a water-permeable but
soil-impermeable layer, and transported to the laboratory. The soil from the columns
dedicated to disturbed samples was separately excavated, oven-dried at 40-45°C for 48
hours, ground, passed through a 2 mm sieve, and then packed in the PVC columns at the
same bulk density as both the soil textural classes (as in Table 2.1) up to a height of 0.152
m with the sensor installed at 0.102 m from the bottom. The placement of the GS-1 soil
moisture sensor along with the dimensions of the soil column were carefully designed
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(Figure 2.1), keeping the sensing volume of sensor in consideration, so that the sensing
volume remained entirely within the column.

(a)

(b)

Figure 2.1. Detailed description of GS-1 soil moisture sensor along with its maximum volume of
influence (dotted lines) reported by Decagon Devices, Inc, inserted in disturbed (a), and undisturbed (b)
vertical soil profile columns. The dimensions of the soil columns and the placement of the sensor were
carefully designed so that the sensing volume of each sensor extended within the column.

As a part of the experiment, the soil columns were subjected to two rounds of
saturation and drying to determine volumetric water content (θv) accuracy of GS-1 in two
soil structures and two textural classes. For each saturation event, these soil columns
were allowed to saturate from bottom up and then allowed to drain briefly before sealing
with plastic from bottom, which prevented additional drainage. All the replicates of soil
samples witnessed shrinking of soil following saturation and before drying but the change
in height (or volume) was less than 4% of the initial height and considered as an
insignificant change. All data used for calculating reference θv (Equation 2.2) were
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collected after soil shrinkage had occurred. These soil columns were then moved to a
portable trolley which was allowed to stay in a temperature-controlled room maintained
within 40-45 °C for drying and redistribution. The columns were then allowed to dry
from the top, and were covered with plastic on top during the redistribution process, after
which the θv was recorded. This process of drying, redistribution, and measurement was
repeated in order to collect data across a range of θv.
For field irrigation applications, θMAD is generally considered to be 50% of the
plant-available water of the soil type as the error in θv measurement may result in
unintended crop stress. The FC (θFC) for the experimental site (silty clay loam soil) was
40% on average, and 50% MAD is attained at a θMAD of 28% based on the past studies
(Barker et al., 2017; Lo et al., 2017). Therefore, as a part of this laboratory experiment,
the soil was saturated initially and then readings were taken from θv of 41.5% to 28%,
recording the weight at increments of 1.5% θv.
It was important to allow an adequate amount of time for the water redistribution
process to ensure that the θv was nearly uniform across the soil column and the sensing
volume of the GS-1, realizing that this would require more time at low θv (resulting in
low unsaturated hydraulic conductivity). Therefore, before the laboratory experiment, the
drying and redistribution processes were simulated with a model for one-dimensional
transient water flow in porous media (HYDRUS-1D, PC-PROGRESS) to determine the
time-length for each step of drying and redistribution for the laboratory experiment. The
default parameters for a silty clay loam soil type (which closely resembled soil textural
composition of the samples) were used with a no-flux boundary condition on the lower
boundary. The upper boundary condition was “atmospheric boundary condition with
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surface layer” for drying and a no-flux boundary condition for redistribution. HYDRUS
simulated the total drying cycle to be 23 days. The simulation involved drying the soil
core from θsat to θv = 41.5%, allowing the profile to redistribute to a uniform θv, drying it
to a θv = 40%, allowing it to re-distribute, and continuing in increments (Δ θv = 1.5%) to
a final θv of 28%. The frequency of weighing soil columns ranged from twice a day to
once every three to four days, as the evaporation rate decreased near the end of the drying
cycle.
The mV output of the GS-1 sensors was collected and reported every minute by a
CR1000 (Campbell Scientific, Logan, UT) datalogger throughout each drying cycle. A
TR-8102D weighing balance (Denver Instrument Company, Bohemia, New York) with
an accuracy of 0.1 g was used to weigh each soil column. At the end of entire experiment,
the soil from each soil column was extracted and oven-dried at 105°C for approximately
48 hours to determine final θv and to back-calculate the actual θv (reference θv) for the
entire cycle. The weight of the empty soil column setup including the sensor was
determined in same manner as when it contained the soil column.
2.2.4

ANALYSIS
The sensor-reported θv output (i.e., sensor-reported θv using the factory

calibration) was compared against reference θv (i.e., true θv) determined from the soil
column weight, in order to evaluate the accuracy of θv measurement by GS-1 in disturbed
and undisturbed soil samples in two different soil types. Reference θv at each weighing
time was determined using equation 2.2 and was compared to sensor-reported θv at the
closest timestamp:
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reference 𝜃𝑣 =

𝑤𝑡𝑜𝑡𝑎𝑙 − 𝑤𝑠𝑜𝑖𝑙 − 𝑤𝑠𝑒𝑡𝑢𝑝
𝜌𝑤 𝑣𝑠𝑜𝑖𝑙

(2.2)

where, wtotal was the total weight of soil column, wsoil was the weight of dry soil in
the column, wsetup was the weight of entire setup without soil, ρw was the density of water
(≈ 1 g cm-3), and vsoil was the volume of soil in the column.
The absolute magnitude of differences between sensor-reported θv and reference
θv while penalizing larger differences were indicated by root mean square difference
(RMSDF; equation 2.3) for each analysis group (soil structure, soil type, and structuretype combinations):
𝑚 𝐹
𝑅
∑𝑛
𝑡 ∑𝑖 (𝜃𝑖,𝑡 − 𝜃𝑖,𝑡 )

𝑅𝑀𝑆𝐷𝐹 = √

𝑚𝑛

(2.3)

where RMSDF is the RMSD using the factory calibration, n was the number of
times the columns were weighed during the drying cycle, t was the index of the weighing
time, m was the number of soil columns per analysis group, i was the index of the soil
column, θFi,t was the sensor-reported θv (using the factory calibration) of the ith column at
weighing time t, and θRi,t was the reference θv of the ith soil column at weighing time t.
There were three soil columns (replicates) in each soil type-structure combination, six
columns for a pooled analysis of all columns with a given soil structure, and six columns
for a pooled analysis of each soil type. The RMSDF was also calculated for each replicate
(m = 1 with multiple data points in time).
Since the RMSDF was based on the error between the sensor-reported θv using the
factory calibration and the true θv determined with the gravimetric method, it was used to
quantify the uncertainty associated with using the GS-1 with the factory calibration,
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without performing a calibration specific to that particular sensor or soil type. To
simulate a scenario where the sensor was calibrated in a laboratory for the specific soil
type, the RMSDL was used to quantify the uncertainty:
𝑛

𝑚(𝜃 𝐿
𝑖,𝑡

∑ ∑
𝑅𝑀𝑆𝐷𝐿 = √ 𝑡 𝑖

𝑅)
− 𝜃𝑖,𝑡

2

𝑚𝑛

(2.4)

where RMSDL is the RMSD using a soil-specific (Yutan and Fillmore soil types)
laboratory calibration and θLi,t was the θv derived using the soil-specific laboratory
(referred to as the laboratory-derived θv ) of the ith column at weighing time t.
In this research, the FCobs was determined for the Yutan and Fillmore soil types
from the graph of temporal trends in root zone water depth from the in situ GS-1 data.
Additionally, irrigation can be managed using root zone depletion (D) instead of root
zone water depth. The D is the amount of water that has been depleted below FCobs:
𝐷 = 𝑑𝑟𝑧 (𝜃𝐹𝐶,𝑜𝑏𝑠 − 𝜃𝑣 )

(2.5)

where D is the root zone depletion (cm), drz is the depth of the root zone (cm) and
θFC,obs is the volumetric water content (m3 m-3) associated with the FCobs.
The effect of soil structure (disturbed and undisturbed) on θv measurement
accuracy of the GS-1 was analyzed. Statistical operation of analysis of variance
(ANOVA) with a significance level α = 0.05 was conducted using statistical computing
language R (R Foundation for Statistical Computing, Wein, Austria) on the 12 weighing
times from the drying cycle in order to check for the significance of different soil specific
calibrations for different soil textural and structural classes. The effect of different soil
types (Fillmore and Yutan) on sensor-reported θv accuracy was analyzed by linear
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regression and testing of lines. The interactions between the soil structure and soil texture
were also performed. Implications for irrigation management were also assessed by
investigating the response of soil water sensors installed at 0.15, 0.46, and 0.76 m depths,
and reporting the uncertainty in the measurements of soil water depth and soil water
depletion.

2.3

RESULTS AND DISCUSSION

2.3.1

ANALYSIS BASED ON VARIABLE SOIL STRUCTURE
A laboratory study was conducted to analyze the performance of recently

developed capacitance and frequency domain based GS-1 soil moisture sensor operating
at 70 MHz in two different soil structural settings (disturbed and undisturbed). For the
analysis on disturbed and undisturbed soil structure, both soil textural class types were
considered, i.e. the dataset for undisturbed soil structure comprised samples from Yutan
and Fillmore soils, and similarly for disturbed soil structure. The reported equations in
Figure 2.2 were tested statistically and it was found that linear equations were statistically
significant (p-value < 0.05) for both disturbed and undisturbed soil samples. In addition,
the reported linear calibration equations for disturbed and undisturbed soil samples in the
current study were found to be significantly different from each other using the t-test (pvalue = 8.65 × 10-6). For the disturbed soil samples, an underestimation of sensorreported θv was witnessed at higher θv, and an overestimation of sensor-reported θv at
lower θv was observed. However, for the undisturbed soil structural setting, an
overestimation of sensor-reported θv was noted throughout the θv range, with a slight
underestimation of sensor-reported θv at higher θv. The coefficient of determination (r2)
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for the undisturbed soil columns which mimic the field conditions was 0.89 whereas the
r2 for the disturbed soil columns which represent the laboratory conditions was 0.73.
Similar results have been witnessed in the past while investigating the performance of a
frequency domain reflectometry sensor, Ojo et al. (2015) found that the results of field
calibration of the sensor were superior ( r2 of 0.95) in comparison to the laboratory
calibration (r2 of 0.89). On the contrary, Gabriel et al. (2010) found that the accuracy of
capacitance probes (EnviroScan, Sentek Pty. Ltd., Kent Town, SA, Australia) was
slightly better under field conditions using laboratory calibration equations (RMSD =
0.019 m3 m-3) rather than field conditions (RMSD = 0.023 m3 m-3), and recommended the
use of laboratory condition as it is easily reproducible, facilitates work planning, and
minimizes uncertainties. Literature has shown that the capacitance and frequency domain
technology sensors (EC-5 and ECH2O) operating at the same scaled frequency (70 MHz)
have low sensitivity to confounding soil environmental factors such as soil texture, bulk
electrical conductivity, and temperature (Kizito et al., 2008). The results from this study
(Figure 2.2) indicate that the sensor-reported response θv in an undisturbed soil structure
has better correlation (slope for undisturbed soil samples was closer to one) with the
reference θv when compared to a disturbed soil structure, and the uncertainty in θv
determination was higher using the factory calibration (RMSDF; Table 2.2) in comparison
to the laboratory calibration (RMSDL; Table 2.2). The RMSDL for disturbed and
undisturbed soil samples based on fitted values from the calibration equation was 0.053
and 0.028 m3 m-3, respectively (Table 2.2). It was observed that for the given capacitance
based soil moisture sensor (Meter Environment’s GS-1), higher accuracy was observed
for undisturbed soil samples (RMSDF = 0.074 m3 m-3) in comparison to the disturbed
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profile (RMSDF = 0.050 m3 m-3) for the given soil types (Yutan silty clay loam and
Fillmore silt loam). On the contrary, Majone et al. (2013) found that for Meter
Environment’s EC-5 (capacitance based soil moisture sensor), the sensor’s accuracy
improved when the sensor was calibrated with the site soil in laboratory prior to its
deployment at field site. However, Logsdon (2009) concluded that applications using soil
moisture probes that operate at MHz frequencies should conduct field as well as
laboratory calibration to check if there is a discrepancy and make required corrections.

Figure 2.2. Response of GS-1 soil moisture sensor towards different structural settings (disturbed and
undisturbed) during the experiment. Both soil textural class types (Yutan and Fillmore) were considered for
the disturbed and undisturbed soil samples.
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Table 2.2. RMSD (m3 m-3) from GS-1 laboratory experiments (Equations 3 and 4) and error (cm) used for
error bars (Figures 2.5 and 2.6).

RMSDF
RMSDL

RMSDF
RMSDL
Root
zone
water
depth
Error
RMSDF
RMSDL
Root
zone
depletion
Error

2.3.2

Disturbed Soil Structure
0.074
0.053
Yutan Silty Clay
Fillmore Silt Loam
Loam
0.065
0.082
0.046
0.036
0.046 × 100 cm
= 4.6 cm
Rep1
0.076
0.006

Rep2
0.052
0.007

Rep3
0.064
0.008

0.006 × 100
= 0.6 cm

0.036 × 100 cm
= 3.6 cm
Rep1
0.086
0.006

Rep2
0.070
0.008

Rep3
0.089
0.007

0.007 × 100
= 0.7 cm

Undisturbed Soil Structure
0.050
0.028
Yutan Silty Clay
Fillmore Silt Loam
Loam
0.056
0.043
0.028
0.024
0.028 × 100
= 2.8 cm
Rep1
0.048
0.006

Rep2
0.055
0.009

Rep3
0.064
0.006

0.006 × 100
= 0.6 cm

0.024 × 100
2.4 cm
Rep1
0.047
0.005

Rep2
0.046
0.005

Rep3
0.035
0.007

0.005 × 100
= 0.5 cm

ANALYSIS BASED ON VARIABLE SOIL STRUCTURE
In addition to investigating soil moisture sensor response in different structures,

the response of the sensor was analyzed in two different textured soils: Yutan silty clay
loam and Fillmore silt loam soil types. For each disturbed and undisturbed soil structure,
three replications each of Yutan and Fillmore soil types were studied along with the
interaction effects of soil texture and structure. It was found that linear calibration
equations were statistically significant (p-value < 0.05) for Yutan and Fillmore in both
disturbed and undisturbed environments. Calibration of volumetric water content as
related to the analysis based on variable soil texture was slightly different for Yutan silty
clay loam and Fillmore silt loam soil types in both disturbed and undisturbed soil
structural settings. Overestimation of sensor-reported θv at lower θv range was higher in
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Fillmore soil type in comparison to Yutan soil type, and underestimation of sensorreported θv at higher θv range was higher in Yutan soil type in comparison to Fillmore
soil type in the disturbed soil structural setting. Overestimation and underestimation of
sensor-reported θv was higher at lower and higher θv range, respectively for Yutan soil
type in comparison to the Fillmore soil type. The correlation for undisturbed soil samples
was better (slope closer to one) than disturbed environments in both Yutan and Fillmore
soil types.
The reported RMSDL based on fitted values from the calibration equations were
0.046 and 0.036 m3 m-3 for Yutan and Fillmore soil types, respectively in disturbed
environments (Table 2.2). The undisturbed soil structure, RMSDL values were 0.028 and
0.024 m3 m-3 for Yutan and Fillmore, respectively (Table 2.2). On the contrary,
Haberland et al. (2014) observed that the manufacturer’s calibration for a frequency
domain reflectometry capacitance probe (Diviner 2000) proved to be quite precise and
accurate in laboratory conditions compared to field conditions for clay loam and clay
soils. In addition, Provenzano et al. (2016) found out that the calibration for undisturbed
soil columns assessed in the laboratory was characterized by lower error values than the
undisturbed soil columns assessed in the field while using a Diviner 2000 over seven
different soils. The calibration equations for Yutan and Fillmore in disturbed structure
settings were significantly different from each other (p-value = 0.0398). Groves and Rose
(2004) also concluded that the calibration equations for different soil types determined by
Diviner 2000 were different in a laboratory setup. However, in the undisturbed soil
structure the response in terms sensor-reported θv of the GS-1 sensor for Yutan and
Fillmore soil types was not significantly different (p-value = 0.1). Some studies have
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witnessed insensitivity of capacitance probe response towards soil texture. For example,
Andrade−Sánchez et al. (2004) observed that the response of a capacitance-based soil
moisture sensor was not affected by soil texture when it was tested under static conditions
in Yolo loam, Capay clay, and Metz sand soils. Similarly, Francesca et al. (2010) found
that the capacitive sensors (ECH2O, and EC-5) could be used in clay loam and loam soil
with the same calibration equation, independently from depth, with RMSDL ranging
between 0.025 and 0.036%. The results from this study imply that the response of a
capacitance-based soil moisture sensor for different soil types could be similar in an
undisturbed structure while being different in a disturbed setting. It is acknowledged that
a swelling clay soil was not included in this experiment, which may have required an
equation significantly different from other soil types. In addition, the interaction of soil
texture in disturbed and undisturbed soil structure was also analyzed. It was determined
that for the Yutan soil type, the sensor response in disturbed and undisturbed structural
environments was significantly different (p-value = 0.0036). Similarly for the Fillmore
soil type, the response in disturbed and undisturbed environments was different (p-value
= 1.46 × 10-11). Furthermore, the uncertainty in θv determination was higher using the
factory calibration (RMSDF; Table 2.2) in comparison to the laboratory calibration
(RMSDL; Table 2.2) for the different soil structure, and soil textural classes, and across
all the replications.
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Figure 2.3. Response of GS-1 soil moisture sensor towards different soil textural properties (Yutan silty
clay loam and Fillmore silt loam) in disturbed and undisturbed soil structure during the experiment .

2.3.3

IMPLICATIONS FOR IRRIGATION MANAGEMENT
Data from GS-1 soil moisture sensors in situ at the location of the soil sampling

sites were collected for an uncertainty analysis for use in irrigation scheduling. In the
past, Datta et al. (2018) had suggested that GS-1 sensors presented acceptable accuracies
for managing irrigation at sites with low salinity and low clay content based on reported
root mean square errors. In the current study, the capacitance based GS-1 sensors were
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installed and monitored for the 2018 growing season at depths of 0.15, 0.46, and 0.76 m,
respectively. Values of θv were derived using laboratory soil specific calibrations for
undisturbed soil structures (Figure 2.3). The temporal trends (Figure 2.4) suggested that
the shallower depths (0.15 and 0.46 m) were more sensitive to wetting events such as
irrigation or precipitation as is evident from the upward spikes for the shallower depths.
The changes in soil moisture at the deeper depth (0.76 m) were gradual and the range of
moisture depletion was fairly small in comparison to shallower depths.

Figure 2.4. Temporal trends (2018 growing season) in the soil moisture reported by GS-1 sensors installed
at 0.15 m, 0.46 m, and 0.76 m depths using the manufacturer’s calibrations for the sites of soil collection
(Yutan silty clay loam and Fillmore silt loam).

Root zone water depth is the equivalent depth of water in the soil, and is the
product of θv and thickness of the soil layer. The root zone water depth for the top 1-m
profile (Figure 2.5) was determined using the weighted-average method from the θv
observed by GS-1 sensors installed at 0.15, 0.46, and 0.76 m, respectively, for each site
location (Yutan and Fillmore). Both the FC and PWP were estimated based on texture
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with a pedotransfer function (Saxton and Rawls, 2006), which is a common
recommendation for irrigation management. In addition, the 50% MAD was considered
as a baseline for comparison and was calculated using the pedotransfer function FC and
PWP for a silty clay loam and silt loam.

Figure 2.5. Temporal trends (2018 growing season) in root zone water depth (cm) for the top 100
cm profile reported by GS-1 sensors for the two soil sampling locations (Yutan silty clay loam and Fillmore
silt loam) along with vertical error bars (level of uncertainty) determined from disturbed and undisturbed
soil structure calibrations for each soil type. The vertical error bars for the MAD water depth were
determined from RMSD for both θFC and θWP from Saxton and Rawls (2006).

Error bars were displayed for the root zone water depth from the GS-1 and the
θMAD in order to illustrate the uncertainty in the data when used for irrigation
management (Figure 2.5). The error bars from the GS-1 were determined from the
RMSDL from the laboratory experiment for each soil structure and soil texture type
(Table 2.2). The error bars denote the degree of uncertainty for reported soil moisture by
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GS-1 sensors when using the disturbed calibration. This is a conservative estimate of
uncertainty because producers typically use the factory calibration which would have a
larger uncertainty (RMSDF, Table 2.2). It can be visually observed that the uncertainty
for root zone water depth estimation from the GS-1 sensor calibration obtained from
undisturbed soil structure was less in comparison to the disturbed soil. On the other hand,
the error bars for water depth at MAD were calculated from RMSD for both θFC and θWP
from Saxton and Rawls (2006) (error bar = 0.05 × 100 cm = 5 cm). The large error bars
for both water depth and MAD water depth would make it difficult to manage irrigation
precisely (Figure 2.5); the soil would need to remain quite wet to ensure that the soil does
not get drier than the MAD water depth (accounting for uncertainty in both the MAD
estimate and the soil water measurement).
The FCobs for the root zone was determined to be 0.40 and 0.37 m3 m-3 for the
Yutan and Fillmore soil types, respectively. This removes uncertainty associated with the
difference between actual FC and pedotransfer function FC or lab-determined FC.
Additionally, irrigation can be managed using root zone depletion (D) instead of
root zone water depth. The D is the amount of water that has be depleted below FCobs:
𝐷 = 𝑑𝑟𝑧 (𝜃𝐹𝐶,𝑜𝑏𝑠 − 𝜃𝑣 )

(2.5)

where D is the root zone depletion (cm), drz is the depth of the root zone (cm) and
θFC,obs is the volumetric water content (m3 m-3) associated with the FCobs. The D was
determined for the top 100-cm profile (Figure 2.6) using the weighted-average method
from the soil moisture observed by GS-1 sensors installed at 0.15, 0.46, and 0.76 m for
each of the soil sampling locations (Yutan and Fillmore). The D associated with 50%
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MAD (DMAD) was determined from the PWP for a silty clay loam and silt loam soil type
in Saxton and Rawls (2006) and the FCobs from the GS-1 data.
Managing irrigation based on D instead of θv removes uncertainty from 1) spatial
variability in θFC (particularly in sub-humid or humid climates where the growing season
starts at D = 0 throughout the field regardless of the FC at each location), 2) uncertainty
in θFC (since θFC,obs is determined by the sensor and uncertainty is removed when taking
the difference of θFC,obs and θv), and 3) sensor-to-sensor variation in sensor response
(since management is based on the change in water content instead of requiring accurate
determination of the magnitude of θv). Therefore, the error bars for the D (Figure 2.6)
were estimated with the RMSD for a best case scenario (laboratory calibration) and for
only one column (without sensor-to-sensor variability). Specifically, the error bar was the
median RMSDL for each soil structure and soil texture combination (Table 2.2). The error
bars for DMAD were calculated from RMSD for WP (1 cm) from Saxton and Rawls
(2006) and assumed that uncertainty in FCobs was negligible since it was determined in
situ from the soil water sensor.
When using the GS-1 sensors for irrigation scheduling, the uncertainty when
managing with D (Figure 2.6) was much lower than the uncertain when managing for θv
(Figure 5). This allows the irrigation manager to have much more confidence in
determining when and how much to irrigate. In this case, the soil water can be managed
at a level closer to the MAD threshold with a small risk of the soil being drier than MAD.
Soil water depletion along with stress occurrence, the depth of water applied each
irrigation, and the efficiency and capacity of irrigation system help drive scheduling of
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irrigation. This scheduling can help minimize labor cost involved (if any) and undesirable
leaching as it would identify the earliest date for irrigation application. The application
date is further determined by net irrigation depth to be applied. If the soil moisture
depletion is greater than the net irrigation depth, it would result in drainage. The
irrigation interval for a field is directly affected by the capacity (water volume/land
area/time) of irrigation system.

Figure 2.6. Temporal trends in root zone depletion (cm) for the top 100 cm (1 m) profile
reported by GS-1 sensors for the sites of soil (Yutan silty clay loam and Fillmore silt loam) collection
along with vertical error bars determined from the median (from three replications) of disturbed and
undisturbed soil structure calibrations for two soil types during the 2018 growing season.

The amount of water depletion at any specific time is the amount of water
required to refill the current crop root zone to a field capacity (upper limit of soil water
storage). However, the computation of water depleted in a soil profile is more convenient
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rather than determination of water remaining for many practical applications. From the
perspective of practical irrigation management, using FCobs and managing for depletion
instead of actual soil water content resulted in a considerable reduction in uncertainty
(Figures 2.5 and 2.6). This method removes most of the uncertainty from sensor-tosensor variability and removes much of the uncertainty from spatial variability in soil
properties.
2.3.4

IMPLICATIONS FOR GLOBAL WATER SECURITY
Water security should be understood as the tolerable water-related risk to society

(Grey et al., 2013). The challenge of optimum allocation of water resources if left
unaddressed will hinder the ability to produce food and generate energy, which would
further pose a risk to global food markets and hobble economic growth. In general, while
making irrigation prescriptions with absolute accuracy, it is difficult to ascertain soil
moisture, rainfall, irrigation depth, evapotranspiration, and other components of soil
water balance. Net depth of water applied with the irrigation system is the largest source
of uncertainty based on the results of a study by Jensen and Wright, 1978. For the current
study, this uncertainty was reduced to a greater extent when net depth of water depleted
was evaluated. It was found that managing for depletion based on FCobs had less
uncertainty. This would give the farmer more confidence in irrigation decision making
and could potentially help in saving water by reducing over-irrigation. It reduces the need
for a farmer to determine a very precise calibration for a particular soil type as well. To
further reduce the uncertainty it would be apt to select representative sites and periodic
monitoring of the same site.
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Many countries will experience water problems such as shortages, poor water
quality, or floods, and if the water resources are not more efficiently managed, the fresh
water availability will not keep up with the demand during the next decade (Intelligence
Community Assessment, 2012). Technological advancements such as the optimum
allocation of water resources in the agricultural purposes will have an important impact
on water supply and demand for the upcoming years. The results from the study have
further implications when considering the opportunity for variable-rate irrigation. As
technology costs continue to decrease, the ability to manage sub-field areas based on
varying water holding capacities may become more attractive. While the Yutan soil
dominated the majority of this study field (> 20 ha), the Fillmore soil comprised the least
amount of total field area (< 2 ha). Had properly calibrated sensors been installed in a
zone containing the Yutan soil type, little error would likely be introduced to zones
containing the Fillmore soil series. However, improperly calibrated sensors placed in the
Fillmore zone could adversely affect the majority of the field in terms of irrigation
management for better allocation of water based on required depth and timing.

2.4

CONCLUSIONS
The performance of a recently developed capacitance and frequency domain

technology based EM sensor (GS-1) was analyzed in a laboratory experiment conducted
on soils taken from a center-pivot field in Mead, Nebraska. For both disturbed and
undisturbed soil structures, a linear calibration equation was statistically significant (pvalue < 0.05) with the slope of undisturbed soil structure close to unity along with an
RMSDL of 0.053, and 0.023 m3 m-3 for disturbed, and undisturbed soil structure samples,
respectively. This implies that it would be appropriate for a producer to test the
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applicability of a soil moisture sensor in the field rather than bringing soil to the
laboratory and calibrate it. The response of Yutan and Fillmore soil textural classes had
better correlation (slope closer to 1) in an undisturbed soil structure. The reported
RMSDL for Yutan and Fillmore were observed to be 0.046, and 0.035 m3 m-3 for
disturbed, and 0.028 and 0.023 m3 m-3, for undisturbed soil samples, respectively. In
addition, the response of GS-1 soil moisture sensor in a disturbed soil structure was
significantly different (p-value = 0.0398), but it was not significantly different (p-value =
0.10) for an undisturbed soil structure. Also, the response of different soil types varied
across different soil structures.
For irrigation management, the results of the current study should not be
generalized and extrapolated beyond the range of the sensor response for this experiment.
The uncertainty in the estimation of soil water depth was higher than the soil water
depletion uncertainty in general. This would lead to the determination of water demand at
a specific site with better precision and could potentially avoid over-watering of the
crops. Technological advancement that could reduce the amount of water needed for
agriculture would offer the greatest relief from water shortages (Intelligence Community
Assessment, 2012). The uncertainty for both root zone water depth and depletion was
lower using the undisturbed soil structure calibration for both Yutan and Fillmore soil
types. In the future, universal calibrations could be developed to enhance the applicability
of soil moisture sensors for efficient irrigation management and optimum utilization of
water resources.
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CHAPTER III
INTER-RELATIONSHIPS BETWEEN WATER DEPLETION AND
TEMPERATURE DIFFERENTIAL IN ROW CROP CANOPIES IN A SUB-HUMID
CLIMATE
3.1

INTRODUCTION
Irrigated agriculture is a significant contributor towards global food security as it

produces more than 40% of the world’s production from less than 20% of cultivated land
(WWAP, 2012). According to the 2012 Census of Agriculture, irrigated farms represent
14% of all the U.S. farms. These irrigated farms contributed towards 38.6% of the U.S.
farm sales ($152.4 billion) and about 50% of the U.S. crop sales ($106.3 billion), even
though only 28% of harvested cropland was irrigated (Hellerstein et al., 2019). For a
sustainable future, it is essential to judiciously use water for irrigation purposes since
groundwater depletion is a rising concern with the majority of aquifers in the U.S. and
globally being depleted rapidly (Konikow, 2013).
Efficient irrigation is a vital component of farm management. Excessive irrigation
increases fertilizer and irrigation pumping costs along with additional nitrate leaching and
greenhouse gas emissions. Inadequate soil water content limits transpiration and
photosynthesis which leads to a hindrance in crop growth and yield (Doorenbos and
Kassam, 1979). For the optimum utilization of water resources in water-limiting
conditions, deficit irrigation can be used to optimize grain yield per unit of water (Geerts
and Raes, 2009). Accurate and continuous determination of soil water quantity can
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improve agricultural water management by better informing the timing and depth of
irrigation applications and reduce the likelihood of excessive or insufficient irrigation.
One of the ways this can be accomplished is through an automated sensor-based
irrigation scheduling system that monitors crop water deficit continuously. The system
must be inexpensive and should have minimal interference with the field operations, and
be simple to use.
Monitoring crop water stress continuously often requires a high number of
sensors for the determination of soil and crop water status (Playán et al., 2014). Efficient
irrigation scheduling is strongly based on the ability to accurately estimate the
appropriate amount, timing, and location of water application. Infrared thermometry can
be used to monitor crop stress continuously; it is non-destructive, and scalable from
single plants to the whole field. Numerous studies have utilized infrared thermometers
(IRTs) to obtain a dynamic scan of canopy temperature from which the trigger point for
irrigation can be established (e.g., Candogan et al., 2013; DeJonge et al., 2015; Irmak et
al., 2000; O’Shaughnessy et al., 2017, 2012; Payero and Irmak, 2006; Peters and Evett,
2008; Taghvaeian et al., 2012). IRTs can provide information on the timing of the
irrigation application through the determination of the difference between crop canopy
temperature and air temperature [i.e., temperature differential (ΔT) of canopy temperature
(Tc) and air temperature (Ta), i.e., (Tc – Ta)], but the amount of irrigation to be applied is
either fixed or informed through other methods such as soil water depletion
determination.
Repeated non-destructive measurements of soil water status can be used to
monitor water stress and does not confound soil spatial variability. Researchers have used
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recently developed electromagnetic sensors to monitor soil water content and have
investigated the applicability of electromagnetic sensors in scheduling irrigation (Datta et
al., 2018; Huang et al., 2017; Lea-Cox et al., 2018; Ojo et al., 2014; Rudnick et al., 2015;
Singh et al., 2018; Varble and Chávez, 2011).
The study conducted in Chapter II used soil water content sensors to measure root
zone soil water depletion (Drw) for the top 1 m soil profile and found that monitoring Drw
using soil water content sensors offer promise as input for efficient irrigation
management. A relationship between ΔT and Drw could offer information about the
timing and amount of irrigation applications. The relation between crop water stress and
soil water condition has been studied for decades (S.R. Evett et al., 2020). With the
advent of portable IRTs, the temperature differential between crop leaf and canopy
temperatures (ΔTleaf) has been explored since the 1960s as a means to describe the
relationship between soil water status and plant water status (Fuchs and Tanner, 1966).
Some studies analyzed the relationships between leaf water potential and the ΔT
(Ehrler et al., 1978a, 1978b; Gardner et al., 1981), but these relationships were not stable.
An inverse relationship between temperature difference (leaf – air) and vapor pressure
deficit (VPD) was observed by Ehrler (1973). Later, Jackson et al. (1977) defined a stress
degree day index (SDD) as the temperature differential at midday; the cumulative SDD
plotted alongside water depleted from the root zone indicated a relationship between the
accumulated SDD and soil profile water depletion as did plotting the total water used
versus SDD for winter wheat. Furthermore, Jackson et al. (1981) and Idso et al. (1981a,
1981b) developed a crop water stress index (CWSI) which considered the energy
balances of non-stressed and completely stressed crop canopies. The CWSI is defined as
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the temperature differential (ΔT) relative to the temperature difference between a wellwatered canopy (dTLL) and of a non-transpiring canopy (dTUL). A correlation between the
relative available water (instantaneous volumetric soil water content divided by
volumetric water content at field capacity, Fc) and the CWSI was observed by Nielsen
and Anderson (1989) for sunflower. The relationship was statistically significant with a
quadratic regression curve and high coefficient of determination (0.89). Two different
approaches to determine CWSI have been established: an empirical approach (Idso et al.,
1981a) and a theoretical approach (Jackson et al., 1981). There are advantages with the
empirical approach as it is dependent on only two variables (relative humidity and Ta) in
addition to the Tc. Based on the empirical approach, dTLL is measured as a linear function
of atmospheric vapor pressure deficit (VPD), and this relationship is known as non-water
stressed baseline. Similarly, dTUL is estimated as the linear function of vapor pressure
gradient, and the relationship is known as water stressed baseline. The limitation of
empirical approach is that the non-water stressed baseline varies by crop, growth stage,
and climatic condition. Therefore, a location-specific non-water stressed baseline should
be developed for determination of CWSI (Nielsen, 1990). The relationship between the
CWSI and soil water quantity (Barnes et al., 2000; Colaizzi et al., 2003; DeJonge et al.,
2015; Taghvaeian et al., 2014, 2012) has been investigated with varying responses in
different environments.
In order to address the concerns highlighted above, a field research on maize and
soybean for three growing seasons was performed and parameters Tc and soil water
content were monitored. The specific objectives of the study were to:
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a) investigate the relationship between ΔT and the Drw for maize and soybean for
multiple growing seasons and determine the potential variations of this relationships
between the years,
b) develop upper (water stressed) and lower (non-water stressed) baselines for
quantification of CWSI in maize and soybean in a sub-humid climate (east-central
Nebraska, USA), and
c) quantify CWSI for crops near 80% crop canopy cover to maturity during the
three growing seasons and relate the seasonal CWSI for each replicate in 2018 and 2019
with the average yield from surrounding plots for the growing seasons, following the
approach presented by Irmak et al. (2000).

3.2

MATERIAL AND METHODS

3.2.1

SITE AND SOIL DESCRIPTIONS
A field experiment was conducted at the University of Nebraska’s Eastern

Nebraska Research and Extension Center (ENREC) near Mead, Nebraska (41.165 °N,
96.430 °W) during the 2018, 2019, and 2020 growing seasons planted with maize in one
section and soybean in another. The field size was nearly 53 ha, and was irrigated with a
center pivot (Lindsay Corporation (Omaha, Nebraska) Zimmatic 8500). In 2018, the field
was planted with soybean in the north half of the field and maize in the southern half,
then rotated for each half in 2019, and rotated back for each half in 2020. Crops were
planted in rows running approximately east-to-west at 0.76 m spacing, under no till
management with residue cover from the previous seasons. Two soil types in the
experimental field were silty clay loam and silt loam (Soil Survey Staff, 2020). Textural

51
composition, organic matter content (OMC), bulk density (ρb), and saturated paste extract
electrical conductivity (ECa) were determined at a soil depth of 0.15 m for the two
different soil types at two locations (Table 3.1). Further description of the field site, soils,
and irrigation system can be found in (Barker et al., 2018; Bhatti et al., 2020). For the
study, maize and soybean fields were at 80% to full-canopy with over an abundance of
soybean and maize stover and a soil untilled for more than three years in 2018.
Table 3.1. Textural composition, organic matter content (OMC), bulk density (ρ b), and saturated
paste extract electrical conductivity (ECa) of the soil at the study site as determined from three soil cores;
mean ± standard deviation were reported for each property.
Soil Type
Yutan silty clay loam
Fillmore silt loam

3.2.2

Sand (%)
19 ± 2
17 ± 1

Silt (%)
46 ± 2
47 ± 1

Clay (%)
35 ± 2
37 ± 1

OMC (%)
3.8 ± 0.0
4.4 ± 0.1

ρb (g cm-3)
1.35 ± 0.06
1.29 ± 0.02

EC(dSm-1)
0.24 ± 0.02
0.41 ± 0.03

EXPERIMENT DESCRIPTION
Stationary sensor node stations (Figs. 3.2a and 3.2b) were established in maize

and soybean for the three growing seasons, installed along crop rows. Each sensor node
station consisted of a set of soil water content sensors under the crop row and an IRT
mounted over the crop row (Figs. 3.2a and 3.2b). The soil water content spatial variability
was considered while determining the location of sensor node stations in the field in order
to span around a wide range of available water capacity. The range of available water
capacities for different locations in the field was determined in a past study (Miller et al.,
2017). Soil samples were collected from two sites which were suspected to be the most
different in terms of textural composition and organic matter content, the results are
reported in Table 3.1. However, the soil spatial variability was not the focus of this study.
The irrigation treatments in the field during 2018, 2019, and 2020 growing seasons were
variable rate irrigation, uniform irrigation and rainfed (Table 3.2). Variable rate irrigation
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was prescribed by using Spatial Evapotranspiration Modeling Interface (SETMI; Neale et
al., 2012). A uniform irrigation was managed by monitoring soil water content through
neutron probe during 2018 growing season (Bhatti et al., 2020) and soil water sensors
during 2019 and 2020 growing seasons (Chapter IV; Singh et al., 2021) in one plot for
each crop. The irrigation treatments in this study and described in Chapter IV were
designed with the objective of sensor-based irrigation scheduling of maize and soybean.
The different irrigation treatments performed similarly based on the observed yield. The
cumulative irrigation for VRI and uniform treatments was within 10% of each other
during 2018 and 2019 growing seasons. And the yields for variable rate irrigation and
uniform irrigated treatments were significantly not different from each other for the three
growing seasons. In short, the inter-relationships determined in this study are not
influenced by the different irrigation treatments. No irrigation was applied to rainfed
plots in the study. More information about how the irrigation was prescribed at different
locations in the field has been described in detail by Bhatti et al., (2020) and in Chapter
IV. Four replications of sensor node stations were installed in maize and soybean during
2018, 2019, and 2020 growing seasons (Fig. 3.1). All the sensors were installed following
manufacturer recommendations and allowed to acclimate with the surrounding soil and
environment prior to the start of each growing season.
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Figure 3.1. Sensor node location and replication layout for the experiment during 2018 and 2019
study periods. Letters (A-J) inside the plot numbers indicate the location of the 11 sensor node stations in
the field. Numerals along with the letters assigned to each sensor node stations denote the replication
number allotted in 2018/2019/2020. In 2018, 2019, and 2020 there were 4 reps in maize and soybean,
respectively. ‘-’ in plot labels is used to indicate that the location was not used in the analysis for that year.
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Table 3.2. The irrigation treatments for the individual replications as shown in figure 1 during
2018, 2019, and 2020 study periods. The treatments were variable rate irrigation (VRI), uniform irrigation
(U), and no-irrigation/rainfed (R).
2018 study period
Crop

2019 study period

2020 study period

Rep
1

Rep
2

Rep
3

Rep
4

Rep
1

Rep
2

Rep
3

Rep
4

Rep
1

Rep
2

Rep
3

Rep
4

Maize

VRI

R

R

VRI

R

VRI

U

VRI

VRI

U

R

U

Soybean

R

VRI

VRI

VRI

R

VRI

R

U

U

U

VRI

R

Each sensor node station was comprised of three soil water content sensors (Meter
Environment’s GS-1), and an infrared radiometer (IRT) sensor (Apogee Instruments SI111, Logan, UT). Single-sensor soil water probes were installed into the walls of 0.15m
diameter auger-dug pits located directly underneath a single row of soybean/maize at a
distance of 0.15 m from the maize/soybean row. The soil water content probes were
inserted at a depth of 0.15 m, 0.46 m, and 0.76 m, respectively with the sensor prongs
oriented horizontally in the pit (Fig. 3.2a). The soil was repacked into the pits following
the sensor installation.
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(a)

(b)

Figure 3.2. (a) Illustration of sensor node station comprised of soil water sensors at 0.15 m, 0.46
m, and 0.76 m below the crop row and an infrared radiometer sensing the crop canopy maintained 1 m over
the top of the maize canopy; (b) Sensor node station comprising of infrared radiometer sensor sensing the
soybean canopy from 2 m above the ground.

The IRT sensor was mounted at a constant height of 2 m above ground for
soybean throughout the growing season (Fig. 3.2b). The IRTs in maize were mounted on
an adjustable mast to account for the changing canopy height and maintained at a height
difference of 1 m between the IRT and canopy top (adjusted every two weeks after
tasseling). The IRT was oriented vertically looking downward from Nadir for all node
stations. In order to minimize the contribution of the soil background to the IRT reading,
the study period was restricted to crop canopy cover of 80% or greater. The output from
the sensors were recorded every 15 min as an average with a sampling frequency of 5 s.
Meteorological measurements of hourly averaged ambient air temperature and
relative humidity (used for determination of VPD), and daily values of precipitation were
obtained from the Nebraska State Climate Office stations under the Nebraska Mesonet
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program. Weather data were obtained from the Nebraska Mesonet Memphis 5 N station
(41.15 °N, 96.417 °W; NSCO) (Shulski et al., 2018). This station was approximately 1
km southeast of the research field with sensor heights of 2 m above ground; Mesonet site
location followed standard requirements. The sensors used at the meteorological weather
stations are highly accurate and widely used for various applications.
The crop yield was measured using yield monitors installed on harvesters. Yield
Editor Software version 2.0 (Agriculture Research Service, United States Department of
Agriculture) was used to filter and clean yield data. The filtered yield was checked by the
average yield obtained from the grain carts. The yield analysis was compiled based on the
computed dry mass of crop grain yield. Yield for the areas surrounding the node stations
were retrieved.
3.2.3

SENSOR DESCRIPTIONS

3.2.3.1 GS-1 SOIL WATER SENSOR
GS-1 soil water sensor (METER Group Inc., Pullman, Wash.) is a recently
developed capacitance and frequency domain technology based sensor with a rugged,
durable design configured with two parallel waveguide rods (5.2 cm in length). The GS-1
sensor head contains the necessary firmware and electronics to generate an
electromagnetic field in the surrounding medium to measure the dielectric constant. The
sensor uses an oscillator running at 70 MHz that charges in response to the dielectric
constant of the surrounding material. Through a correlation of the measured dielectric
constant to the apparent permittivity, and the permittivity to volumetric soil water content
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(θv, in m3m-3), θv, is derived from the charge value (Vcharge, in mV) provided by the
sensor:
𝜃𝑣 = 4.94 × 10−4 × 𝑚𝑉 − 0.554

(2.1)

The sensor has a measurement volume of 430 mL. A datalogger (CR1000,
Campbell Scientific, Inc., Logan, Utah) was used to sample at a frequency of 5s and
record an average θv every 15 min.
3.2.3.2 SI-111 INFRARED RADIOMETER
SI-111 infrared radiometer (Apogee Instruments, Inc., Logan, Utah, USA)
measures emitted infrared radiation (within an atmospheric window of 8 – 14 μm) from
which target surface temperature is remotely determined. This sensor has a 44° field of
view and ± 0.2 °C accuracy over the temperature range of - 10 to 65 °C. The IRTs
monitored temperatures of maize and soybean field surfaces continuously. The IRTs were
maintained at a height of 1 m above the canopy throughout the growing season for maize
(adjusted every two weeks after tasseling), resulting in a circular horizontal target around
0.513 m2 in size at the top of the canopy (80% or greater cover). The installation height
for soybeans was 2 m from the ground surface and remained above the canopy at that
height at all times. The maximum height of soybean was measured as 1.2 m. The IRTs
data were restricted to measurements when the crop canopy had 80% or greater coverage
to minimize contribution of soil background temperature to the canopy temperature. The
measured voltage (Vmeasured, in mV) is related to the temperature of the surface using the
manufacturer’s calibration:
𝑇𝑐 = 𝑐2 × (𝑉𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 )2 + 𝑐1 × (𝑉𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 ) + 𝑐0

(3.2)
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The IRT sensors were calibrated by the manufacturer (Apogee Instruments, Inc.)
and re-calibrated (once every two years) based on manufacturer’s recommendations. The
canopy temperatures (Tc) along with the air temperature (Ta) were measured by the
datalogger (CR1000, Campbell Scientific, Inc., Logan, Utah) every 5 s and averaged and
recorded at 1 min intervals.
3.2.4

ANALYSIS
In this study, the root zone water depletion for the top 1m soil profile (Drw, in

mm) and the temperature differential (ΔT = Tc - Ta) were analyzed with an emphasis on
investigating the relationship between them. The Drw was determined using the difference
between the soil field capacity (Fc, in mm) and the available root zone water depth
(AWD, in mm; i.e., the equivalent depth of water in the soil and is a function of θv and
thickness of soil layer). Fc was estimated based on the soil texture with a pedotransfer
function (Saxton and Rawls, 2006) and the depth of root zone. The Fc estimated were
compared to past observed Fc for the field site (Lo et al., 2017; Chapter III). The observed
Fc values were similar to the Fc estimated using the pedotransfer functions, giving
confidence to the values used in this study.
𝐷𝑟𝑤 = 𝐹𝑐 − 𝐴𝑊𝐷

(3.3)

𝐴𝑊𝐷 = 𝜃𝑣(𝑎𝑡 0.15 𝑚) × 305 𝑚𝑚 + 𝜃𝑣(𝑎𝑡 0.46 𝑚) × 305 𝑚𝑚 + 𝜃𝑣(𝑎𝑡 0.76 𝑚) × 390 𝑚𝑚

(3.4)

The root zone water depth for the top 1 m soil profile was determined using the
depth weighted-average method from the observed θv reported by GS-1 sensors installed
at 0.15, 0.46, and 0.76 m depths for each location. It was assumed that the available water
depth (AWD) for the top 0.30 m of soil profile was represented as the product of θv at
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0.15 m depth and 305 mm, AWD for the 0.30-0.61 m was represented as the product of
θv at 0.46 m and 305 mm, and AWD for (0.61 - 1.0 m) as the product of θv at 0.76 m and
390 mm. The maximum ΔT (Tc - Ta) within a diurnal period was generally observed
during the mid-afternoon, i.e. around 1500 hours CDT, indicating the time of potential
maximum ΔT during the day. Therefore, the analysis was limited to 1 minute average
temperature retrieved at 1500 hours, CDT for the non-cloudy/non-precipitation days
during 2018, 2019, and 2020 growing seasons when the crop canopy was 80% or greater
cover (i.e., from July to mid-September).
The crop water stress index (CWSI) provides an estimate of crop water status
with respect to the minimum and maximum levels of stress that can occur due to an
excess or deficiency of water. The first step in the estimation of CWSI was to develop the
non-water-stressed and water-stressed baselines for both crops. CWSI is the comparison
of the difference between measured canopy and air temperatures (Tc - Ta, or ΔT), and the
lower (dTLL) and upper (dTUL) limits of canopy-air temperature differential.
CWSI =

(∆𝑇−dTLL )
(dTUL −dTLL )

(3.5)

The lower (dTLL) and upper (dTUL) limit values were found under non-waterstressed/irrigated conditions (minimum ΔT amongst variable rate irrigation or/and
uniform irrigation treatments), and water-stressed/rainfed conditions (maximum ΔT
amongst rainfed treatments), respectively amongst the replications based on the approach
of (Jackson et al., 1981). The CWSI non-water stressed and water-stressed baselines for
the maize and soybean were determined using an empirical approach with the combined
data from the 2018, 2019, and 2020 growing seasons. The fundamental assumption for
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the empirical approach is that there is a linear relationship between dTLL and vapor
pressure deficit (VPD) for a given non-water-stressed crop under a specific climatic
condition.
𝑑𝑇𝐿𝐿 = 𝑇𝑐 − 𝑇𝑎 = 𝑚 × (𝑉𝑃𝐷) + 𝑏

𝑉𝑃𝐷 = ((100 − 𝑅𝐻)/100) × (

(3.6)

610.7×10(7.5𝑇)⁄(237.3+𝑇)
1000

)

(3.7)

where “m” and “b” are the slope and intercept of the linear relationship, respectively (Eq.
3.6). The VPD (kPa) was determined as shown in Eq. 3.7 (Monteith and Unsworth, 2013)
from the relative humidity (RH, in %) and the ambient air temperature (T, in °C) values
reported by the adjacent Nebraska Mesonet weather station. The values for dTUL were
plotted against VPD to determine the water-stressed (upper) baseline. Estimated CWSI at
a single one-hour period (1500 hours, CDT) was highly variable throughout the three
growing seasons.
The ΔT was determined for each of the sensor node stations installed in maize and
soybean. The relationship between the ΔT and Drw (Eq. 3.4) for maize and soybean was
investigated through Analysis of variance (ANOVA) with a significance level of α =
0.05, conducted using the statistical computing language R (R version 3.3.2, R
Foundation for Statistical Computing, Wein, Austria). In addition, the difference in
relationships for different ranges of Drw was assessed, and the relationship between Drw
and AWD was analyzed. The CWSI values were determined at various growth stages
(from late vegetative to early maturity) for three maize and soybean growing seasons.
Seasonal CWSI values were calculated for each replication for the 2018, 2019, and 2020
and then correlated with the average yield of the plots surrounding the sensor node
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location in each replication for maize and soybean for those three growing seasons. The
implications for agricultural water management are also discussed.

3.3

RESULTS AND DISCUSSION

3.3.1

COMPARISON OF TEMPERATURE DIFFERENTIAL AND ROOT ZONE WATER

DEPLETION
The cumulative rainfall for months May to October as recorded by the adjacent
weather station was 608, 610, and 260 mm in 2018, 2019, and 2020, respectively.
However, cumulative precipitation during the period of study, i.e., from July to midSeptember (Fig.3. 3) was 272, 113, and 115 mm in 2018, 2019, and 2020 respectively.

Figure 3.3. Precipitation during mid to late growing season for the three study periods measured
by the adjacent High Plains Regional Climate Center’s Automated Weather Data Network station:
Memphis 5 N (41.15 °N, 96.417 °W).
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For the analyses in maize, four replications were considered for the 2018, 2019,
and 2020 growing seasons in the different halves of the field. The observed Drw (Fig. 3.4)
during the 2018 growing season was quite low (< 100 mm) since a relatively high amount
of precipitation (272 mm) was received and consequently more infiltration and root zone
water storage during 2018 study period. The relationships between ΔT and Drw (Fig. 3.5)
for the four replications during the 2018 growing season were tested statistically
separately for each replication, and it was found that the linear/polynomial relationships
were statistically non-significant (p-value > 0.05) for all replications. In addition, the
linear relationships for the four replications were not different from each other (p > 0.05)
and yield lower coefficient of determination (R2) values, i.e. R2 ≤ 0.02 (Table 3.3).
However, the 2019 and 2020 study periods were drier than 2018 study period, resulting in
higher Drw values than those of 2018 (Fig. 3.4 and Table 3.3). During 2019 study period,
replications 1 and 4 yielded Drw values greater than 170 mm (Table 3.3). The linear
equation relationships between Drw and ΔT were statistically significant for these
replicates 1 and 4 (p-value < 0.05). However, the observed relationships for replications 2
and 3 where the Drw values were not higher than 170 mm were not significantly different
from each other (p – value = 0.78). For the 2020 study period, replication 3 had a number
of Drw greater than 170 mm (Table 3.3). The linear equation relationship between Drw and
ΔT for replication 3 was statistically significant (p-value < 0.05). Replicates 1 and 2 had
Drw values less than 170 mm (Table 3.3), and the linear equation relationship between
Drw and ΔT for replications 1 and 2 were not significant (p-value > 0.05). The results
from this 3-year study indicate that at low/non-water stress conditions (Drw < 170 mm),
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Drw is not correlated to ΔT; however, the correlation between Drw and ΔT tends to be
significant when Drw values are greater than 170 mm.

Figure 3.4. Comparison of the temperature differential (ΔT; canopy temperature – air temperature) and
the root zone water depletion (Drw) for the four replications (pooled) in maize during 2018, 2019, and
2020 study periods.
Table 3.3. The range of soil water depletion (Drw, in mm) and the reported coefficient of determination
(R2) for the relationship between the temperature differential (ΔT; canopy temperature – air
temperature) and the Drw for the four replications (independently) in maize during 2018, 2019, and
2020 growing seasons. The observed standard deviation amongst four replications for D rw (in mm) and
ΔT (in °C) within each study period.

Study Period

Replication
Number

Range of Drw
(mm)

Coefficient of
Determination (R2)

Standard Deviation
amongst replications
Drw (mm)
ΔT (°C)

Rep 1
4 - 50
0.00
Rep 2
-4 - 92
0.01
2018
26.59
1.69
Rep 3
23 - 115
0.00
Rep 4
14 - 72
0.01
Rep 1
100 - 188
0.41*
Rep 2
37 - 137
0.04
2019
50.63
1.37
Rep 3
22 - 120
0.01
Rep 4
21 - 188
0.13*
Rep 1
55 - 168
0.10
Rep 2
115 - 165
0.15
2020
45.89
2.41
Rep 3
111 - 209
0.56*
Rep 4
33 - 112
0.01
2
‘*’ along with the coefficient of determination (R ) indicates that the linear equation relationships between
Drw and ΔT was statistically significant (p-value < 0.05)

The relationship between ΔT and Drw was analyzed for soybean as well (Fig. 3.5).
The sensor node station data from four replications was collected during the 2018, 2019,
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and 2020 growing seasons, respectively. As was observed for maize in 2018, the range of
Drw (Table 3.4) values were low for soybean during 2018 growing season due to the
relatively high precipitation of 272 mm (Drw values were less than 160 mm). The
linear/polynomial relationships were not statistically significant (p-value > 0.05) for all
four replications during the 2018 study period. The linear equation relationships for these
four replications were not significantly different from each other (p > 0.05) as well. A
number of the observed Drw values were greater than 160 mm for three out of four
replications of the 2019 study period (Table 3.4) as it was comparatively drier than the
study period of 2018. Replications 1, 2, and 3 reported 90 percentile of the Drw values
greater than 160 mm, and the linear equation relationships between ΔT and Drw were
statistically significant for these three replicates (p-value < 0.05). In addition, the linear
relationships for the replications (1, 2, and 3) were not significantly different from each
other (p > 0.05). The coefficient of determination (R2) between ΔT and Drw for the
relationship at higher Drw was 0.35, 0.32, and 0.61 for the replications 1, 2, and 3 during
the 2019 growing season (Table 4) while for replication 4 was less than 0.01. For the year
2020, a number of the observed Drw values were greater than 160 mm for two out of four
replications (replications 2 and 4). The linear equation relationships between ΔT and Drw
were statistically significant for these two replicates (p-value < 0.05), and they were not
significantly different from each other (p-value = 0.42). For soybean, there is no
significant relationship between the ΔT and Drw when the range in Drw does not include
values greater than 160 mm (i.e., lower/no water stress). However, when Drw range
includes values greater than 160 mm, the ΔT tends to increase and the relationships are
significant (Table 3.4).
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Figure 3.5. The comparison of the temperature differential (ΔT; canopy temperature – air
temperature) and the root zone water depletion (Drw) for the four replications in soybean, respectively
during the 2018, 2019, and 2020 study periods.
Table 3.4. The range of soil water depletion (Drw, in mm) and the reported coefficient of
determination (R2) for the relationship between the temperature differential (ΔT; canopy temperature – air
temperature) and the Drw for the four replications (independently) in soybean during 2018, 2019, and 2020
growing seasons along with standard deviation amongst four replications for D rw (in mm) and ΔT (in °C)
within each study period.

Study Period

Replication
Number

Range of Drw
(mm)

Coefficient of
Determination (R2)

Standard Deviation
amongst replications
Drw (mm)
ΔT (°C)

Rep 1
34 – 99
0.18
Rep 2
-3 – 52
0.03
2018
31.63
2.41
Rep 3
-11 – 39
0.04
Rep 4
32 – 117
0.00
Rep 1
148 - 193
0.35*
Rep 2
116 – 164
0.32*
2019
37.35
1.97
Rep 3
118 – 171
0.61*
Rep 4
45 – 115
0.00
Rep 1
-22 - 64
0.00
Rep 2
37 – 186
0.34*
2020
59.38
1.43
Rep 3
45 – 157
0.10
Rep 4
108 - 175
0.34*
2
‘*’ along with the coefficient of determination (R ) indicates that the linear equation relationships between
Drw and ΔT was statistically significant (p-value < 0.05)

The relationship between ΔT and AWD was analyzed for maize and soybean (Fig.
3.6). The sensor node station data from maize and soybean amongst four replications
during 2018, 2019, and 2020 growing seasons was assessed. During the 2018 study
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period, the linear/polynomial relationships between ΔT and AWD were not statistically
significant (p-value > 0.05) for all the four replications in maize and for three out of four
replications in soybean. Similarly, the linear/polynomial relationships were statistically
significant (p < 0.05) for replications 1 and 4 in maize; and replications 1, 2, and 3 during
the 2019 growing season. The linear equation relationship was statistically significant for
replication 3 in maize; and for replications 2 and 4 in soybean during the 2020 growing
season. The relationships between ΔT and AWD for each replication in maize and
soybean were similar to the relationships between ΔT and Drw. However, the relationship
between ΔT and Drw was stronger and the uncertainty in the determination of Drw is lesser
than the uncertainty in the determination of AWD (Chapter II).
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 3.6. The comparison of the temperature differential (ΔT; canopy temperature – air
temperature) and the available water depth (AWD) for the four replications (pooled) in maize (a, b, and c)
and soybean (d, e, and f), respectively during the 2018, 2019, and 2020 study periods.

3.3.2

CROP WATER STRESS INDEX
The non-water-stressed and water stressed baselines were developed by relating

ΔT with VPD (Eq.3.7) as outlined by Idso et al. (1981a). However, the standard sampling
and calculation guidelines as suggested by (Gardner et al., 1992) were noted and used
while determining the baselines for maize and soybean. The lower and upper baselines
for maize (Fig. 3.7a) were determined using the combined dataset of ΔT values of the
four replications from the three growing seasons. The equation for the lower (non-water
stressed) baseline of maize was reported (dTLL = Tc - Ta = - 1.29 × VPD - 1.10, R2 =
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0.72). Based on the observations for water-stressed conditions in Fig.3.7a, the constant of
-1 °C was used as the upper baseline for maize. The lower and upper baselines for
soybean were determined using the combined dataset of ΔT values of the four
replications from 2018, 2019, and 2020, respectively (Fig. 3.7b). The equation for the
lower baseline for soybean under non-water stressed conditions had a strong relationship
with VPD (dTLL = Tc - Ta = - 1.35 × VPD - 0.73, R2 = 0.87). A constant of - 1.2 °C was
used as the upper baseline for soybean under water-stressed conditions based on the
observations given in Fig. 3.7b. Based on the atmospheric, crop, and soil water
conditions, it is occasionally possible for ΔT values to be greater than the upper baseline
value (i.e., ΔT > - 1 °C for maize, ΔT > - 1.2 °C for soybean), so that the CWSI can be
greater than 1 (Table 3.3).

(a)

(b)

Figure 3.7. The relationship between the ΔT (canopy temperature – air temperature) and the vapor
pressure deficit (VPD) for maize (a) and soybean (b) based on 2018, 2019, and 2020 growing seasons. The
non-water stressed and water-stressed baselines for maize and soybean were developed.

CWSI values for maize and soybean were estimated at different growth stages
(from late vegetative to early maturity) for non-cloudy/non-precipitation days for 2018,
2019, and 2020 growing seasons. The CWSI values were calculated during the afternoon
(at 1500 hours, CDT) consistently for all the replications for maize and soybean for three
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growing seasons when the crop canopy was 80% or greater cover (i.e., from July to midSeptember) to minimize the effect of change of canopy structure on the canopy
temperature readings. The CWSI values for soybean were lower during the middle part of
the study periods of 2018, 2019 and 2020 and the values were higher during the latter
part of the study periods. The CWSI values for maize were higher during middle part of
the study period for 2018 and the latter part of the study periods of 2019 and 2020. Figure
3.8 depicts the variation in CWSI values for four replications of maize and soybean for
the 2018, 2019, and 2020 study periods. The CWSI value of less than 0.1 indicated a
small amount of water stress, and the CWSI values within the range of 0.3 to 0.6
represent moderate stress (DeJonge et al., 2015). CWSI values of more than 0.8 show that
the crop is under high/severe stress. Since, the lower baseline for CWSI was developed
for afternoon hours under ideal conditions, the applicability of CWSI is limited to a short
window of time under certain ideal conditions such as clear-sky solar radiation. CWSI
has been one of the indices for evaluating crop stress response to water deficit since its
development (Idso et al., 1981a; Jackson et al., 1981) in the early 1980s.
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Figure 3.8. The CWSI values for maize and soybean at various growth stages during the 2018,
2019, and 2020 growing seasons. The CWSI values were determined from the non-stressed and the stressed
baselines for canopy stress.

The individual CWSI values among the replications were taken at various growth
stages (late vegetative to early maturity) and cannot be compared with each other since
empirically determined CWSI is growth stage specific. Seasonal mean CWSI values were
calculated as the average of CWSI values for each replication in maize and soybean for
2018, 2019, and 2020 growing seasons. Seasonal CWSI values for the maize replications
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ranged in value from 0.35 to 0.77 for the 2018 study period, from 0.36 to 0.80 for the
2019 study period, and from 0.24 to 0.78 for the 2020 study period. The seasonal mean
CWSI values for the soybean replications ranged in value from 0.13 to 0.78 for 2018,
from 0.08 to 0.24 for 2019, and from 0.05 to 0.77 for 2020. Following the procedures
outlined in Irmak et al. (2000), the seasonal CWSI values were correlated with the
average yield (kg m-2) of the plots surrounding the sensor node location for maize and
soybean. A linear equation [yield (in kg m-2) = - 0.17 × (CWSI) + 1.62) described the
maize crop yield as a function of mean seasonal CWSI for 2018, 2019, and 2020 study
periods across eight replications (Fig. 3.9). Linear equations likewise described
relationships between seasonal mean CWSI and average yield in soybean for each study
period (2018, 2019, and 2020) separately. The results indicate that maize and soybean
yield decreases with an increase in CWSI with the weak correlation for both maize and
soybean.

(a)

(b)

Figure 3.9. (a) Maize grain yields (Y, kg m-2) as a linear function of the seasonal mean crop water
stress index, CWSI, (X) for each replication during 2018, 2019, and 2020 growing seasons. (b) Soybean
grain yields (Y, kg m-2) as a linear function of the seasonal mean crop water stress index, CWSI, (X) for
each replication separately for 2018, 2019, and 2020 growing seasons.
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3.4

DISCUSSION
CWSI determined from a theoretical based approach has been related to the root

zone water, but not uniquely related (Jackson et al., 1981). The results from this study
investigating the relation between ΔT and Drw indicate a statistically significant relation
for maize and soybean when Drw values are high. Similar findings have been reported by
others. Taghvaeian et al. (2014) found out CWSI was unrelated to soil water deficit until
a deficit > 90 mm was reached, Lacape et al. (1998) found values of cotton CWSI did not
change significantly until about half total available water was depleted by crop roots),
and Barnes et al. (2000) found a weak correlation (R2 = 0.39) between the CWSI and
percent depletion of soil water. In addition, Taghvaeian et al. (2012) investigated the
relationship between the maize CWSI and θv of the top 5 cm layer of clay-loam textured
soil in a semi-arid climate in northeastern Colorado and found that there was a high
correlation between CWSI and θv; the CWSI increased with decreasing θv. The
relationship between CWSI and θv was best described by a second order polynomial
equation. Furthermore, Candogan et al. (2013) investigated the relationship of CWSI and
crop evapotranspiration (ETc, a function of Drw) for soybean in sub-humid climatic
conditions and found a high correlation between CWSI and ETc and a statistically
significant relationship using a second order polynomial equation, indicating ETc
decreased with increasing CWSI.
The results from this study were coherent to the findings of DeJonge et al. (2015);
Nielsen and Anderson (1989); Taghvaeian et al. (2014, 2012) and attest to the reliability
of this study’s finding; most notable is an increasing trend for the ΔT with increasing Drw
at higher ranges of Drw. However, the observed relationship between ΔT and Drw was

73
reported to be a single order polynomial equation. The results of Chávez (2015)
suggested that canopy temperature indeed can be used to quantify the degree of crop
water stress with a newly developed soil water stress index (a function of Drw). In the
future, innovative approaches to predict soil water content from canopy temperature need
to be explored as, demonstrated here, canopy temperature contains qualitative
information concerning soil water, and are responsive indicators of plant condition.
The continuous use of crop canopy temperature (from infrared thermometry) and
soil water status can be an effective tool to monitor and quantify water stress and design
an irrigation prescription based on the observed response. The CWSI has been the most
commonly used index since its inception in the early 1980s (Idso et al., 1981a; Jackson et
al., 1981) where they considered the energy balances of non-stressed and completely
stressed crop canopies where theoretically, the canopy resistance of a non-stressed crop
would be zero and that of a completely stressed crop would be infinite. Later, Gardner et
al. (1992) pointed out that the transportability of the developed baseline to other locations
is limited by the VPD range within which the baseline is developed. In this study, the
baselines were developed within the VPD range of 0 to 3.5 kPa. However, Nielsen (1990)
found that unstressed baseline developed elsewhere did not apply to different conditions
while applying the empirical CWSI to soybeans. Therefore, it was concluded that a
location specific non-stressed baseline should be developed for producers willing to use
the empirical CWSI.
Our results showed that maize and soybean yield decreased as the CWSI
increased and the relationship was best described with a second order polynomial
equation for maize and single order polynomial equation for soybean. Researchers in the
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past have demonstrated that the yield decreased with the increase in CWSI. Reginato
(1983) and Howell et al. (1984) observed linear relationships between yield and average
CWSI for cotton; Idso et al. (1981b) and Abdul-Jabbar et al. (1985) found a linear
relationship for alfalfa; Tubaileh et al. (1986) for spring barley; Irmak et al. (2000)
reported a second-order polynomial equation for maize; and Candogan et al. (2013)
found an exponential equation for soybean. Based on the results from this study, it is
clearly evident that there is yield loss for maize after the seasonal mean CWSI exceeds
0.3. However, it cannot be concluded that this seasonal CWSI value should be used for
timing of irrigations for maize because irrigation scheduling was not tested using the
CWSI value. Since Drw is correlated with ΔT at higher ranges of Drw and there is yield
loss at higher ranges of CWSI, the application of IRT-based approach in assessing ΔT is
for a potential method to be used in deficit irrigation.
The advantage of CWSI (compared to simply using the ΔT) is that it accounts for
not only air temperature but also VPD and its impact on ET and plant cooling. However,
some researchers have stated that the applicability of CWSI could be limiting for farmers
because of its complexity (Kacira et al., 2002). Furthermore, Payero and Irmak (2006)
concluded that lower baselines for maize and soybean were functions of plant canopy
height, VPD, solar radiation and wind speed; and upper baselines were functions of solar
radiation and wind speed for soybean and solar radiation, crop height, and wind speed for
maize. Accounting for these factors would make the CWSI too cumbersome for farmers
to use. The non-water stressed and water stressed baselines have been developed for
maize under a wide range of climatic conditions, from semi-arid (DeJonge et al., 2015;
Irmak et al., 2000; Taghvaeian et al., 2012) to sub-humid/sub-tropical (Kar and Kumar,
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2010). The intercept of the non-water stressed baseline for maize developed in this study
was a negative constant value (- 1.37). Similarly, Kar and Kumar (2010) reported a
negative constant value (- 3.77) for the intercept of non-water stressed baseline in a
similar surrounding environment, i.e. sub-humid climate. However, researchers in the
semi-arid climate have observed a positive constant intercept value (> 0) for the nonwater stressed baseline. A theoretical approach to determine the equations for non-water
stressed and water stressed baselines was used by Kar and Kumar (2010) in a sub-humid
environment for maize. The constant value of -1 °C was calculated for the water stressed
(upper) baseline which is same as what was observed in the current study. The
relationship of non-water stressed baseline (ΔT = - 1.10 × VPD - 3.77) determined by
Kar and Kumar (2010) was similar to the results of this study (ΔT = - 1.29 × VPD - 1.10)
in a way that both the coefficients of the linear equation were negative and the slopes
were smaller. Additional requirement of weather dataset, additional computation
(baselines), and ideal sky (non-cloudy) conditions tends to make it complicated as it
involves numerous measurements and rigorous calculations. Additionally, prior analysis
indicates that the ΔT could be highly correlated with the physiological stress
measurements such as Drw at higher ranges of Drw. Because the ΔT is correlated with the
CWSI, it could be used as CWSI without the need of actually measuring CWSI, but this
needs additional research to verify/validate some of the findings of this and similar
studies. Although the indices shown in this study such as the stressed and non-stressed
baselines, and CWSI can be most informative about the timing of irrigation application, it
has a limited applicability to farmers because of its complexity.
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3.5

CONCLUSION
A field experiment was conducted in a sub-humid climate during 2018, 2019, and

2020 growing seasons over maize and soybean to investigate the relationship between the
ΔT (Tc - Ta) and Drw (for top 1 profile) after 80% or more canopy cover was achieved.
Non-water stressed and water stressed baselines for quantification of CWSI were also
developed. There is no unique relationship between the ΔT and Drw at lower Drw ranges
for maize or soybean (i.e., Drw < 170 mm for maize; and Drw < 160 mm for soybean).
However, at higher ranges of Drw (i.e., Drw > 170 mm for maize; and Drw > 160 mm for
soybean), the ΔT tends to increase with the increase in Drw. The relationships between ΔT
and AWD for each replication in maize and soybean were similar to the relationships
between ΔT and Drw. However, the relationships between ΔT and Drw were stronger and
the uncertainty in determination of Drw was less than AWD (Chapter II).
The upper (water stressed) and lower (non-water stressed) baselines for maize and
soybean were developed based on the dataset from three growing seasons for this subhumid location and then CWSI values were quantified at various growth stages. To the
best of the author’s knowledge, this research study is the first to develop upper and lower
baselines for east-central Nebraska for maize and soybean. The coefficient of
determination (R2) for the lower baselines for maize and soybean were 0.73 and 0.89.
The constant of - 1.0 °C, and - 1.2 °C was used as the upper baseline for maize, and
soybean, respectively under water stressed conditions. After the quantification of CWSI
for maize and soybean at various growth stages (late development to early maturity) for
2018, 2019, and 2020 study periods, the seasonal CWSI values were related with the
average yield for the two growing seasons for the different node stations. The results
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showed that the maize and soybean yield decreased as the CWSI increased and the
relationship was best described with a second order polynomial equation for maize and
single order polynomial equation for soybean. While the results indicate a threshold
CWSI could be used for timing of irrigation application as irrigation scheduling, this was
not tested since it was beyond the scope of this study. The results indicate a potential
application of IRTs for deficit irrigation scheduling rather than full irrigation in a subhumid climate under given field conditions. Future studies should aim to investigate if the
determination of Drw or ΔT is more promising and practical for efficient allocation of
water resources and if a threshold CWSI could be used for timing of irrigation to prevent
yield loss.
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CHAPTER IV
SENSOR-BASED IRRIGATION OF MAIZE AND SOYBEAN IN EAST-CENTRAL
NEBRASKA UNDER A SUB-HUMID CLIMATE
4.1

INTRODUCTION
Irrigated agriculture is the primary consumer of freshwater in the U.S., accounting

for 80 – 90 per cent of the nation’s consumption of water (Schaible and Aillery, 2012).
The number of farms irrigating and the amount of land irrigated increased by 1.1%
between 2013 and 2018 (USDA NASS, 2018). The state of Nebraska has largest share of
irrigated area with 8.6 million acres of land under irrigation (Eisenhauer et al., in press).
Though irrigation is essential for crop production in semi-arid and arid regions, irrigated
area has increased rapidly in humid and sub-humid areas recently. It is because with the
supplemental irrigation, crop yields attain around 80% of the potential yield in humid and
sub-humid areas whereas the rainfed crops attain around 50% of the potential yield
(Lobell et al., 2009). The farmers and producers have been relying on amount and timing
of irrigation applications increasingly to ensure adequate yields and reduce production
risks.
Nebraska has over one hundred thousand active irrigation wells and every decade
ten thousand wells are added; this is increasing the pressure on the freshwater resources.
Even though the ground water levels in many parts of Nebraska are generally stable, the
total water stored in the High Plains aquifer, which encompasses major parts of Kansas,
Colorado, Oklahoma, and Texas, has been declining (Steward and Allen, 2016). The
optimum utilization of water in irrigated agriculture is essential for the sustainable use of
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freshwater resources. In order to address this context, estimation of indicators of water
use and efficiency for the implementation of benchmarking analysis is required.
Precision agricultural technologies can apply irrigation water within the field to
account for variability in soil and plant characteristics, and can potentially increase the
crop water productivity (Evett et al., 2020a). Most of the studies on precision irrigation
focused on development of a hardware and software system to precisely deliver a certain
amount of water at certain timing within a field (Adeyemi et al., 2017; Evett et al., 2020b;
Harun et al., 2015; Kamienski et al., 2019; Khriji et al., 2014; Vories et al., 2020).
Although sprinkler irrigation systems equipped with precision irrigation control are now
commercially available, effective methods to create prescriptions have been an ongoing
area of research for the development and adoption of precision agriculture technologies.
Irrigation management could potentially be improved by better informing the
timing and depth of irrigation application, which will eventually reduce the likelihood of
excessive or insufficient irrigation. The most commonly used method for irrigation
scheduling is to determine the soil water status in the root zone and apply water if there is
insufficient water for the plants (Evett and Parkin, 2005). Recently developed
electromagnetic sensors are being widely used by researchers and producers to schedule
irrigation. Electromagnetic sensors, such as time-domain reflectometry, electrical
capacitance and resistance type, devices have been developed and are being adopted for
irrigation scheduling (Datta et al., 2018; Lea-Cox et al., 2018; O’Shaughnessy et al.,
2020a; Singh et al., 2018; Sui, 2017). The application of canopy temperature as an
indicator of crop water stress is a plant-based method to manage irrigation. Thermal
sensing technologies have been used for scheduling irrigation by determining crop water
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stress index (DeJonge et al., 2015; Gardner et al., 1992; Irmak et al., 2000; Jackson et al.,
1981; O’Shaughnessy et al., 2017; Peters and Evett, 2008). Most of the research
involving use of the soil water feedback and the plant feedback has been performed in
arid and semi-arid areas. It is important to conduct additional research to determine their
applicability in more humid environments.
Irrigation management based on soil water and plant feedback could potentially
be a good decision support system and result in improved crop water productivity.
Various research projects focusing on irrigation management based on soil water and
plant feedback have been conducted (Andrade et al., 2015, 2020; Evett et al., 2020b;
O’Shaughnessy et al., 2020b; O’Shaughnessy et al., 2020a; Stone et al., 2020; Vories et
al., 2020). These research projects were conducted using a decision support system, i.e.,
Irrigation Scheduling Supervisory Control and Data Acquisition (ISSCADA) system
which was patented by a USDA-ARS team at Bushland, Texas (Evett et al., 2014). The
ISSCADA system can control variable rate irrigation (VRI) technology systems. The VRI
systems can site-specifically apply irrigation water at variable depths within the field to
account for spatial variability. Conventionally, irrigation is applied uniformly which
intends to apply equal depth of water to all parts of the field. The current study was
conducted using uniform irrigation management based on the soil water and the plant
feedback in a sub-humid environment of East-Central Nebraska. Electromagnetic soil
water content sensors, and canopy temperature sensors were used to determine the soil
water, and plant feedback, respectively. The research was conducted during the 2019 and
2020 growing seasons over maize and soybean. The sensor-based treatment was
implemented with a goal of 2 years of dataset. However, due to logical constraints, the
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sensor-based treatment during 2019 growing season was only based on soil water
feedback. The dataset presented in this chapter is based on the 2020 growing season only
as it involved decision making for irrigation management using both the soil water and
plant feedback. The objective of this study was to evaluate the decision support system
that used soil water and plant feedback to manage irrigation in comparison with a
conventional treatment (irrigation was managed by a producer/agronomist) and a rainfed
(control/no-irrigation) treatment.

4.2

MATERIAL AND METHODS

4.2.1

SITE AND SOIL DESCRIPTION
A field experiment was conducted during 2020 growing season at a research farm

located within the University of Nebraska’s Eastern Nebraska Research and Extension
Center (ENREC) near Mead, Nebraska (41.165 °N, 96.430 °W) with maize planted in
one section of the field and soybean in another. The field was irrigated with a center pivot
(Lindsay Corporation Zimmatic 8500), and the field size was nearly 53 ha. In 2020, the
field was planted with the maize in the south half of the field and soybean in the northern
half. The crops were planted in rows running approximately east-to-west at 0.76 m
spacing, under no till management along with the residue cover from the previous
growing seasons. The two major soil types in the experimental field were silty clay loam
and silt loam (Soil Survey Staff, 2020). Further details about the field site, soils, and
irrigation system description can be found in Barker et al. (2018) and Bhatti et al. (2020).
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4.2.2

EXPERIMENT DESCRIPTION
A stationary sensor node station was installed in maize and in soybean along the

crop rows with the set of soil water content sensors under the crop row and the IRT
mounted over the crop row for the 2020 growing season (Fig. 4.1a and 4.1b). Each
stationary sensor node station was equipped with three soil water content sensors
(MeterEnvironment’s GS-1, Pullman, WA), and an infrared radiometer (IRT) sensor
(Apogee Instruments SI-111, Logan, UT). The single-sensor soil water probes were
installed into the pit walls of 0.15 m diameter auger-dug pits located directly underneath
a single row of soybean/maize at a distance of 0.15 m from the maize/soybean row. The
soil water content probes were inserted at a depth of 0.15 m, 0.46 m, and 0.76 m,
respectively with the sensor prongs oriented horizontally in the pit (Fig. 4.1a). However,
the IRT sensor was mounted at a constant height of 2 m above ground for soybean
throughout the growing season (Fig. 4.1b). The IRTs in maize were mounted on an
adjustable mast to account for the changing canopy height and maintained at a height
difference of 1 m between the IRT and canopy top (adjusted every two weeks after
tasseling). The IRT was oriented vertically looking downward from Nadir for each node
station. The output from the sensors were recorded every 15 min as an average with a
sampling frequency of 5 s. All the sensors were installed following the manufacturer
recommendations and allowed to acclimate with the surrounding soil and environment
for a month prior to the start of the study during 2018 growing season. The soil water
sensors were left in the soil following the 2018 growing season and were used for the
2019 and 2020 growing seasons. The sensor-reported θv was adjusted according to the
undisturbed sensor regression calibration reported in Chapter II.
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(a)

(b)

Figure 4.1. (a) Illustration of sensor node station comprised of soil water sensors at 0.15 m, 0.46
m, and 0.76 m below the crop row and an infrared radiometer sensing the crop canopy maintained 1 m over
the top of the maize canopy; (b) Sensor node station comprising of infrared radiometer sensor sensing the
soybean canopy from 2 m above the ground.

One sensor node station was installed on the north side and the other on the south
side of the field to capture the soil water dynamics and crop canopy status for soybean,
and maize, respectively (Fig. 4.2).
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Figure 4.2. Plot layout of experiment during 2020 growing season. Letters inside plots denote
treatments applied (C: Conventional; R: Rainfed; and S: Sensor-based) in 2020. The sensor node locations
in maize and soybean have been marked.

There were three irrigation treatments: conventional, rainfed, and sensor-based. A
total of 54 plots (each plot: length of ~ 61 m and width of ~ 37 m) were equally divided
among the three treatments to form a balanced design for both the halves of the field.
There were a total of twelve replications dedicated to each treatment on the north half of
the field, where soybean was planted for a total of 36 plots. The maize was planted in the
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south half of the field and a total of six replications were allotted to each treatment for a
total of 18 plots. The irrigation in the conventional treatment plots was managed by a
professional crop consultant based on soil moisture estimation by feel and appearance
method. The soil samples up to one feet deep were collected at a few locations in the field
using a soil probe and then soil moisture was predicted and irrigation water was applied.
The irrigation for the sensor-based irrigation treatment was managed by the
determination of crop water stress index (CWSI) and root zone water depletion (Drw) by
the sensors (see Chapter III) installed at the stationary sensor node station in maize and
to the stationary sensor node station in soybean. The irrigation for all the sensor-based
treatment plots in maize and soybean was managed based on the observed CWSI and Drw
(Chapter III) from the stationary sensor node stations located in maize and soybean. A
total of 7 and 6 irrigations were applied to maize, and soybean, respectively (Table 4.1).
The observed physiological vegetative and reproductive growth stages for maize and
soybean have been reported in table 4.2. For sensor-based treatments, the irrigation
amounts varied substantially from the conventional treatment.
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Table 4.1. Irrigation dates and amounts (in mm) for the conventional and sensor-based irrigation
treatments during 2020 growing season.
Date
7/8/2020
7/14/2020
7/18/2020
7/25/2020
8/3/2020
8/10/2020
8/25/2020
Total

Conventional Treatment

Sensor-Based Treatment
Maize

30.48
30.48
30.48
30.48
30.48
30.48
30.48
213.36

15.24
30.48
2.54
15.24
20.32
5.00
15.24
104.06
Soybean

7/14/2020
7/22/2020
7/29/2020
8/5/2020
8/12/2020
8/27/2020
Total

30.48
30.48
30.48
30.48
30.48
30.48
152.4

30.48
30.48
15.24
15.24
2.54
2.54
96.52

Hourly averaged ambient air temperature and relative humidity (used for
determination of VPD), and daily values of precipitation were obtained from the High
Plains Regional Climate Center’s (HPRCC) Automated Weather Data Network from the
Nebraska Mesonet Memphis 5 N station (41.15 °N, 96.417 °W; NSCO) (Shulski et al.,
2018), located approximately 1 km southeast of the research field with sensor heights of
2 m above ground.
Table 4.2. The planting date, the observed vegetative and reproductive growth stages dates, and the date of
harvest for maize and soybean during 2020 growing season.
Crop
Planting Date
Vegetative Period
Reproductive Period
Date of Harvest
Maize
11 May
28 May – 16 July 17 July – 29 September
16 October
Soybean
1 May
15 May - 15 July
16 July – 21 September
29 September

Crop yield was measured using yield monitors installed on the harvesters. Yield
Editor Software version 2.0 (Agriculture Research Service, United States Department of
Agriculture) was used to filter and clean yield data. The filtered yield was checked by the
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average yield obtained from grain carts. The yield analysis was compiled based on the
computed dry mass of crop grain yield. The mean yield for each treatment in maize and
soybean was determined, and the yield differences were analyzed.
4.2.3

SENSOR DESCRIPTIONS

4.2.3.1 GS-1 SOIL WATER SENSOR
GS-1 soil water sensor (METER Group Inc., Pullman, WA) is a capacitance and
frequency domain technology based sensor with a rugged and durable design. The sensor
uses an oscillator running at 70 MHz that charges in response to the dielectric constant of
the surrounding material. The manufacturer provides a calibration based on a correlation
of the measured dielectric constant to the apparent permittivity, and the permittivity to
volumetric soil water content (θv, in m3 m-3), θv, is derived from the sensor mV output:
𝜃𝑣 = 4.94 × 10−4 × 𝑚𝑉 − 0.554

(2.1)

Field calibration for this sensor was used based on the findings of Chapter II
(undisturbed regression sensor calibration; true θv = 1.256 × sensor-reported θv - 0.128).
A datalogger (CR1000, Campbell Scientific, Inc., Logan, Utah) was used to sample at a
frequency of 5s and record an average θv every 15 min.
4.2.3.2 SI-111 INFRARED RADIOMETER
SI-111 infrared radiometer (Apogee Instruments, Inc., Logan, Utah, USA)
measures emitted infrared radiation (within an atmospheric window of 8 – 14 μm) from
which target surface temperature is remotely determined. This sensor, commonly referred
as an infrared thermometer or IRT, has a 44° field of view and ± 0.2 °C accuracy over the
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temperature range of -10 to 65 °C. The IRTs monitored temperatures of maize and
soybean field surfaces continuously throughout the growing season. The IRTs were
maintained at an approximate height of 1 m above the canopy throughout the growing
season for maize (adjusted every two weeks after tasseling), resulting in a circular
horizontal target around 0.513 m2 in size at the top of the canopy. The IRT installation
height in soybeans was 2 m from the ground surface and remained above the canopy at
that height at all times. The measured voltage (Vmeasured, in mV) is related to the
temperature of the surface using the manufacturer’s calibration:
𝑇𝑐 = 𝑐2 × (𝑉𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 )2 + 𝑐1 × (𝑉𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 ) + 𝑐0

(4.2)

The IRT sensors were calibrated by the manufacturer (Apogee Instruments, Inc.)
and re-calibrated (once every two years) based on manufacturer’s recommendations. The
canopy temperatures (Tc) along with the air temperature (Ta) were measured by the
datalogger (CR1000, Campbell Scientific, Inc., Logan, Utah) every 5 s and averaged and
recorded at 1 min intervals.
4.2.4

IRRIGATION MANAGEMENT FOR SENSOR BASED TREATMENT
In this study, the amount of water applied in the sensor-based irrigation treatment

plots was determined by the root zone water depletion (Drw, in mm) for the top 1 m soil
profile (Chapter II) and the crop water stress index (CWSI) for the maize and soybean
canopy (Chapter III). The Drw was determined using the difference between the soil field
capacity of the soil (FC, in mm) and the root zone water depth (WD, in mm; i.e., the
equivalent depth of water in the soil and is a function of θv and thickness of soil layer).
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FC was estimated based on the soil texture with a pedotransfer function (Saxton and
Rawls, 2006) and the depth of root zone.
𝐷𝑟𝑤 = 𝐹𝐶 − 𝐴𝑊𝐷

(4.3)

𝑊𝐷 = 𝜃𝑣(𝑎𝑡 0.15 𝑚) × 305 𝑚𝑚 + 𝜃𝑣(𝑎𝑡 0.46 𝑚) × 305 𝑚𝑚 + 𝜃𝑣(𝑎𝑡 0.76 𝑚) × 390 𝑚𝑚

(4.4)

The root zone water depth for the top 1 m soil profile was determined using the
depth weighted-average method from the observed θv derived from the GS-1 sensors
installed at 0.15, 0.46, and 0.76 m depths for each station node. The CWSI within a
diurnal period was generally observed during the mid-afternoon, i.e. around 15:00 hours
CDT (approximately 2 hours after solar noon), indicating the time of potential maximum
ΔT during the day. Therefore, the analysis was limited to dataset retrieved at 1500 hours,
CDT for the non-cloudy/non-precipitation days during 2020 growing season.
The crop water stress index (CWSI) provides an estimate of crop water status
with respect to the minimum and maximum levels of stress that can occur due to an
excess or deficiency of water. The CWSI non-water stressed and water-stressed baselines
for the maize and soybean were determined using an empirical approach with the
combined data from the previous growing seasons (Chapter III). CWSI is the comparison
of difference between measured canopy and air temperatures (Tc - Ta or ΔT), and the
lower (dTLL) and upper (dTUL) limits of canopy-air temperature differential.
CWSI =

(∆𝑇−dTLL )
(dTUL −dTLL )

(4.5)
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The fundamental assumption for the empirical approach is that there is a linear
relationship between dTLL and vapor pressure deficit (VPD) for a given non-waterstressed crop under a specific climatic condition:
𝑑𝑇𝐿𝐿 = 𝑇𝑐 − 𝑇𝑎 = 𝑚 × (𝑉𝑃𝐷) + 𝑏

𝑉𝑃𝐷 = ((100 − 𝑅𝐻)/100) × (

(4.6)

610.7×10(7.5𝑇)⁄(237.3+𝑇)
1000

)

(4.7)

where “m” and “b” are the slope and intercept of the linear relationship, respectively (Eq.
4.6). The VPD (kPa) was determined following Eq. 4.7 (Monteith and Unsworth, 2013)
from the relative humidity (RH, in %) and the ambient air temperature (T, in °C) values
reported by the adjacent Nebraska Mesonet weather station. Based on the pre-determined
coefficients for the lower baseline and the upper baseline, the CWSI for maize and
soybean were reported at various growth stages (from late vegetative to early maturity)
during the 2020 growing season.
Table 4.3. The coefficients for the lower baseline (non-water stressed) and the constant value for the upper
baseline (water-stressed) developed from ΔT values (T canopy – Tair) for maize and soybean during 2018 and
2019 growing seasons (Chapter III).
Coefficients for the lower baseline
m

b

Constant for the upper
baseline

Maize

-1.29 °C

-1.10 °C

-1.0 °C

Soybean

-1.35 °C

-0.73 °C

-1.2 °C

Crop Type

The CWSI and Drw were determined for the two sensor node stations installed in
maize and soybean using the coefficients determined in Chapter III (Table 4.3). The
timing of irrigation for the sensor-based irrigation treatment was based on the reported
CWSI. A lower value of CWSI (around zero) would indicate lower stress, and a higher
value (around one) would indicate higher stress. The irrigation for the sensor-based
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treatment was triggered when the CWSI was more than 0.5. In a situation, where the
center pivot had to make a revolution for irrigating conventional treatment but the CWSI
was less than 0.5, a minimum amount of irrigation (2.54 mm) was set to be applied for
the sensor-based treatment. This was done in order to avoid mechanical issues with the
sprinkler set. The amount of irrigation water was determined by the Drw so as to bring the
status of the water table sufficiently above the management allowed depletion (MAD)
value. While prescribing the irrigation amount, the rainfall allowance was considered
based on the approach suggested by Eisenhauer et al. (in press), so irrigating all the way
to FC was not considered. A rainfall allowance of 50 mm was considered for this study.
4.2.5

ANALYSIS
The total prescribed irrigation depth for the sensor-based and conventional

treatments were compared. The average yield for the three treatments (sensor-based
irrigation, conventional, and rainfed) in maize and soybean were assessed. The irrigation
water use efficiency (IWUE) for conventional and sensor-based treatment were computed
following Djaman and Irmak (2012) as:
IWUE =

(𝑌𝑖 − 𝑌𝑑 )
𝐼𝑖

(4.8)

where IWUE is expressed in kg ha-1 mm-1, Y is dry yield (kg ha-2), and I is applied
irrigation depth (mm). The subscripts i and d represent variables corresponding to
irrigation treatment i, and dryland treatment d, respectively.
The difference between the yields, irrigation amounts, and IWUE for the
treatments was investigated through Analysis of variance (ANOVA) with a significance
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level of α = 0.05, conducted using the statistical computing language R (R version 3.3.2,
R Foundation for Statistical Computing, Wein, Austria). The interaction effect between
the irrigated treatment (conventional and sensor-based) and the irrigation amount on the
observed output yield was determined using the two-way ANOVA. The implications for
agricultural water management were also discussed. A two-tailed hypothesis t-test for
two independent means with significance level of 0.05 was performed to investigate the
difference in yields for different treatments while an independent t-test was used to
investigate differences in water application amounts.

4.3

RESULTS AND DISCUSSION

4.3.1

SOIL PROPERTIES

The estimates of FC and WP from Bhatti et al. (2020) and Chapter II were used for the
2020 growing season. The FC values ranged from 0.37 to 0.45 m3 m-3 for the north half
and from 0.38 to 0.44 m3 m-3 for the south half. The range of WP values was from 0.17 to
0.21 m3 m-3 for the north and from 0.18 to 0.20 m3 m-3 for the south. The values of FC
and WP were helpful in the determination of total available water (TAW) and
management allowable depletion (MAD) values for the north and south halves.
4.3.2 VARIABILITY IN ROOT ZONE DEPLETION AND CROP WATER STRESS INDEX
The variability in the soil water content derived from output from the stationary
stations was highlighted by the differing root zone water depletion (Drw) for the top 1 m
profile in the maize and soybean throughout the growing season (Fig. 4.3). The soil
profile was near full level (above or close to FC) at the beginning of the growing season,
which is typical for a field in eastern Nebraska. The cumulative precipitation for months
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May to October as recorded by the adjacent weather station was 260 mm during 2020
growing season. Effective precipitation (Peff) which is the difference between the
intercepted precipitation and the runoff is indicated in the Figure 4.3. The management
allowable depletion (MAD) value was calculated as the average of the TAW and the FC.
The sensor-based irrigation treatment plots were prescribed with a total gross irrigation of
101.5 and 91.4 mm, for maize and soybean, respectively, during the growing season. The
irrigation amount was kept consistent amongst the six and twelve replications for each
irrigation event in maize and soybean, respectively during the 2020 growing season. The
decline in WD for soybean after August 28, 2020 was due to a lack of precipitation
toward the end of the growing season along with no irrigation. During this period of time,
the majority of the soybean was at R5 growth stage where the soil water extraction is
lower than the earlier physiological reproductive growth stages, and the sensitivity to
water stress is less. So, an additional irrigation beyond that point was not applied for
soybean. However, the irrigation amount applied for maize after the R4 growth stage was
minimal as there was enough water in the soil profile to meet the crop water requirements
until physiological maturity.
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Figure 4.3. Root zone soil water depletion (in mm) for maize (a) and soybean (b) along with total available
water (mm), field capacity (mm), management allowable depletion (MAD, mm), net irrigation (mm), and
effective precipitation (mm) for the 2020 growing season.

The lower (non-stressed) and upper (stressed) baselines were determined for
maize and soybean during 2018 and 2019 growing seasons as reported in Chapter III.
Consequently, the CWSI values were calculated using these baselines relating the
difference between canopy (Tc) and air (Ta) temperatures to the vapor pressure deficit
(VPD, kPa) as outlined by Idso et al. (1981). When the CWSI values for maize and
soybean were plotted as a function of time, synchronous patterns with irrigation and
precipitation events were observed (Fig. 4.3). The CWSI values generally dropped to a
lower value following each wetting event, then steadily increased to a higher value. The
CWSI values were determined a few days before the irrigation applications to determine
timing of irrigation application. A higher value of CWSI indicated crop water stress and
irrigation application was triggered by looking at the crop physiological stage and higher
values of CWSI. As a result, six irrigation application events were scheduled between
V12 – R4 growth stages for maize and between V12 – R5 for soybean; these vegetative
phases were the most active soil-water extraction period and the most sensitive stages to
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water stress. Due to only 67 mm of precipitation during this period, the irrigation amount
and timing between sensor-based and the conventional irrigation differed (Table 4.4).
Minimal irrigation applications (2.54 mm) were applied to soybean following R4 growth
stage.

Figure 4.4. The reported crop water stress index (CWSI) for maize and soybean during 2020
growing season.

4.3.3 TREATMENT EFFECTS ON MAIZE AND SOYBEAN YIELD
To understand how different irrigation treatments affect yield under sensor-based
and conventional treatments for maize and soybean, the irrigation amounts (mm), yield
outputs (Mega grams per hectare, Mg/ha), and the irrigation water use efficiency (IWUE,
kg/ha/mm) were compared. In the sensor-based treatment, irrigation was managed based
on Drw and CWSI in order to prevent yield reduction. The results of the tests for the 2020
growing season are discussed below.
An individual univariate ANOVA with resulting estimated least square means for
irrigation amounts and yield was performed to study differences for the three treatments
in maize and soybean during the 2020 growing season (Table 4.4). The effects were
tested at a 5 % level of significance. Overall, treatment had a significant effect on yield
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for maize (p-value = 0.0278) and soybean (p-value = 0.0151). However, the treatment
had no statistically significant effect on cumulative irrigation amounts for all the
replications in maize and soybean. It was because cumulative irrigation amount applied
to each replication (6 in maize, and 12 in soybean) in a treatment was the same. The oneway ANOVA for the IWUE of conventional and sensor-based irrigation treatments in
maize and soybean was determined. It was observed that the treatment had a significant
effect on IWUE for maize (p-value = 0.0001) but not for soybean (p-value = 0.5628).
Table 4.4. The reported degrees of freedom (DF), mean irrigation (mm), yield (Mg/ha), and
irrigation water use efficiency (IWUE, Mg /ha/mm) for various treatments (sensor-based irrigation,
conventional, and rainfed) in maize and soybean during 2020 growing season.
Mean Irrigation
IWUE
Yield (Mg/ha)
(mm)
(kg/ha/mm)
Maize
Sensor-based
6
101.5
13.32 ± 0.98*,1
17.35*,2
Conventional
6
213.4
13.32 ± 0.60
8.29
Rainfed
6
0
11.56 ± 0.88
Soybean
Sensor-based
12
91.4
4.60 ± 0.39*,1
3.93
Conventional
12
152.4
4.72 ± 0.40
3.09
Rainfed
12
0
4.24 ± 0.38
‘*,1’ denotes that mean yield for the sensor-based treatment is significantly different (p-value > 0.05)
than the mean yield for the rainfed treatment but not conventional treatment in maize and soybean.
‘*,2’ denotes that IWUE for the sensor-based treatment is significantly different (p-value > 0.05) than the
IWUE for the conventional treatment in maize.
Treatment

DF

The minimum yield for maize and soybean was observed in one of the rainfed
plots. For maize, the mean observed yield for the rainfed treatment was significantly
different than the mean yield for conventional (p-value = 0.0011) and the sensor-based
(p-value = 0.0042) treatments. However, the mean observed yields for conventional and
sensor-based treatments were not significantly different (p-value = 0.4933) for maize.
The observed yield for rainfed treatment was significantly different than the sensor-based
(p-value = 0.0160) and the conventional (p-value = 0.0037) treatments for the soybean.
On the contrary, no significant difference in yield was observed between the sensor-based
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treatment and the conventional treatment (p-value = 0.2483). The irrigation water use
efficiency (IWUE) values for the maize and soybean plots varied from 5 to 32 kg ha-1
mm-1, and – 2 to 12 kg ha-1 mm-1, respectively across all irrigated (sensor-based and
conventional) treatments during the one-year study period.
A two-way ANOVA test was performed to analyze the interaction effect between
the irrigated treatments and the mean irrigation application on the observed yield for
maize and soybean. For soybean, there is significant interaction effect between the
treatment and the amount of irrigation on the observed yield for conventional (p-value <
0.0001) and sensor-based (p-value < 0.0001) treatments, and a significant difference
between the treatments was also observed (p-value < 0.0001). Similarly, a significant
interaction effect between the amount of irrigation and the observed yield for
conventional (p-value < 0.0001) and sensor-based (p-value < 0.0001) treatments was
observed, and the difference between the treatments was significant (p-value < 0.0001).

4.4

DISCUSSION
The current study focuses on managing irrigation based on the observed Drw and

CWSI collaboratively. Irrigation management based on plant and soil water sensing
feedback is being investigated extensively by researchers (Andrade et al., 2015, 2020;
Evett et al., 2020b; O’Shaughnessy et al., 2020a; Stone et al., 2020; Vories et al., 2020).
In this study, the amount of the irrigation application was based on soil water sensing
feedback (i.e., Drw), and timing was managed based on the observed plant feedback (i.e.,
CWSI) for maize and soybean. The maize and soybean crop response being similar (if
not better) between the sensor-based treatment and the conventional treatment (as
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managed by a common producer) demonstrate a positive result for sensor-based irrigation
management based on the observed yields and IWUE in addition to conservation of
water. This method of plant and soil water sensing feedback requires minimal labor and
cost depending on the number of sensors installed. The sensor-based irrigation
management system produced significantly higher yields than the rainfed plots for maize
and soybean, although not statistically different from the conventional approach. Water
application amounts during the growing season were significantly lower for sensor-based
treatments based on the independent t-tests (p-value < 0.0001 for maize; p-value < 0.0001
for soybean). However, the sensor-based irrigation management could be continuously
improved with more research using the advanced instrumentation and sensing analytic
techniques.
The IWUE values for the sensor-based treatment and conventional treatments in
soybean during the study period were close in magnitude. However, the mean IWUE
value for the sensor-based treatment for maize was significantly higher (17.35 kg ha-1
mm-1) than that of the conventional treatment in maize (8.29 kg ha-1 mm-1). These values
are within the range of IWUE values reported elsewhere for maize; 12 to 35 kg ha-1 mm1

under center pivots in Nebraska as reported by Gonçalves et al. (2020) and 5.5 to 22.7

kg ha-1 mm-1 for maize at this site, as reported by Barker et al. (2018)., Mean IWUE
values for the sensor-based treatment for soybean was higher (3.93 kg ha-1 mm-1) than
that of the conventional treatment in maize (3.09 kg ha-1 mm-1) and values ranging from
-5.1 to -3.0 for soybean during a wetter than normal growing season (2016). The IWUE
values for maize as reported by Stone et al. (2020) were within -18 to 32 kg ha-1 mm-1 in
South Carolina. The IWUE is highly dependent on climatic variability (i.e., the extent of
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the hot and dry weather), which causes variability in rainfed yields for different years. A
larger value of IWUE may indicate a drier year, as the irrigation would have a larger
impact on the yield in comparison to a wetter year. The determination of IWUE is simple
and more commonly used in comparison to the additional terms such as crop water use
efficiency (CWUE) and evapotranspiration water use efficiency (ETWUE) because it
does not involve the challenging part of calculating actual crop evapotranspiration (ETa).
However, accounting for ETa may reflect a complete assessment of water productivity
because: (i) not all irrigation water applied is used for ETa, as partial amount of water
may be lost to deep percolation and/or runoff, and (ii) stored soil water at planting and
rainfall from planting to late maturity may also contribute to ETa. Therefore, CWUE and
ETWUE could potentially quantify the efficiency of a crop production system as they
directly reflect the amount of grain yield produced per amount of water used, rather than
per depth of water applied. While using IWUE, the precipitation/rainfall amounts should
be accounted for to more accurately demonstrate the impact of irrigation on crop water
productivity. The allowance for storing rainfall in the soil is an important consideration in
semi-arid and sub-humid regions (Eisenhauer et al., in press).
Mean irrigation amount for the sensor-based treatment for maize was nearly half
the amount applied in the conventional treatment plots in maize (101.5 and 213.5 mm,
respectively); mean irrigation amount for the sensor-based treatment for soybean was
lower than the amount applied in the conventional treatment plots in soybean (91.4 and
152.4 mm, respectively). The savings in water application while maintaining yield and
improving IWUE demonstrate the success of a sensor node station system in which Drw
and CWSI are used to monitor and quantify water stress from which irrigation decisions
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are based. Triggering the irrigation beyond the CWSI value of 0.5 and prescribing the
amount of irrigation based on observed Drw and keeping 50 mm as the rainfall allowance
led to significant water savings.
The results from O’Shaughnessy et al. (2020a) demonstrated that using the plant
feedback alone with a single thermal stress threshold for irrigation management produced
significantly lower yields in comparison to the manual irrigation management techniques
for sorghum. However, the hybrid feedback method that used the combination of plant
and soil water sensing feedback for irrigation management produced grain yields that
were significantly greater than the plant feedback and manual irrigation scheduling
methods. Similar results were observed in this study for maize and soybean, as the plant
and soil water sensing feedback for the sensor-based irrigation was used during 2020
growing season for maize and soybean that led to notable decrease in the amount of water
used for irrigation as compared to the conventional treatment. The IWUE for maize was
significantly higher for the sensor-based treatment in comparison to the conventional
treatment. The yield produced for maize and soybean was similar to the conventional
treatment but the irrigation amount was greatly reduced.
In the current research, there are a few challenges associated with determining the
plant feedback (CWSI) using the IRT sensors for irrigation management. The CWSI was
quantified when the crop canopy cover was 80% or more, so it was assumed that the IRT
sensors only measured Tc which was in their field of view. However, these IRT sensors
measure a composite temperature of crop canopy, tassel (in case of maize) and soil
appearing in the field of view of the sensor. The soil temperature and the tassel
temperature (in case of maize) were not accounted for while quantifying CWSI for

110
irrigation management purposes. To account for the noise in the background, RGBinfrared camera could be instrumental to precisely determine the crop canopy percentage
in the image and separate out only the leaf temperature from the image. Recently, Liang
et al. (2021) developed a crop canopy image analyzer to process digitally captured RGB
canopy image to obtain canopy cover accurately (R2 = 0.96). The observations made by
Bai et al. (2019) suggest that the thermal imaging measurement of Tc is a better
representation of crop canopy in comparison to a point-based IRT measurement. Because
Tc and soil temperature can differ drastically during the day time, and Tc can change
rapidly in a short time, the distribution of temperature of the various elements in the IRT
sensor field of view could be heterogeneous based on the orientation of IRT and shading
during the day time. Canopy image analyses using images from a RGB-infrared camera
has great potential to improve the quantification of CWSI for better irrigation
management scenarios. Using spectral analysis/hyperspectral imaging combined with
machine learning is a promising approach to monitor multiple stresses such as water,
nitrogen, and pest stress (Ge et al., 2016). Water and nitrogen stresses potentially can be
quantified using a spectral imaging device. However, hyperspectral imaging is difficult to
implement in field condition, but a spectrometer can simultaneously quantify both water
content and all major nutrients (Ge et al., 2019). Future studies with advanced
instrumentation and at different geographical locations using the same management
practices as described in this study are required to investigate the performance of the
sensor-based irrigation for maize and soybean in order to strengthen the claims of this
study.
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4.5

CONCLUSION
A field experiment was conducted in a sub-humid climate of East-Central

Nebraska during the 2020 growing season over maize and soybean to investigate a
decision support system based on soil water and plant feedback using uniform irrigation
management. The mean yield from the sensor-based treatment plots that used the
decision support system was compared to the mean yield from the conventional treatment
plots (managed by a professional crop consultant) and that from the rainfed (noirrigation) treatment plots in maize and soybean. The soil water feedback was informed
from the determination of Drw (for top 1 m profile) by the soil water content sensors
calibrated for the soil type at the research farm. The plant feedback was informed from
the determination of CWSI by the IRT sensors using non-water stressed and water
stressed developed during 2018 and 2019 growing seasons (see Chapter III). The rainfall
allowance of 50 mm was considered, i.e., the irrigation application amount was not
intended to fill the water table till FC. The mean yield ranged within 10.52 – 14.76 Mg
ha-1, and 3.79 – 5.39 Mg ha-1, for maize, and soybean, respectively. The observed mean
yield for the rainfed treatment was significantly different from mean yields for the
sensor-based treatment and the conventional treatment in maize and soybean. However,
the observed yields for sensor-based treatment and conventional treatment were not
significantly different in maize and soybean while the irrigation amounts between the two
treatments were different. The irrigation application based on the sensor-based treatment
led to water conservation while maintaining the yield. The interaction effect between the
mean irrigation application and the observed yield for the sensor-based treatment and the
conventional treatment was performed. It was found out that there was a significant
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interaction effect between the yield and irrigation application for maize and soybean in
sensor-based and conventional treatments. The results from this study indicate that the
application of Drw and CWSI could be a powerful tool to monitor and quantify water
stress continuously as it led to notable decrease in the amount of water used for irrigation
as compared to the conventional treatment. Similar yields were produced by the sensorbased treatment with drastically lower irrigation amounts in comparison to the
conventional treatment. The determination of soil water (Drw) and plant (CWSI) feedback
could potentially better inform the decision support system for uniform irrigation
management. The author recommend future studies to investigate this decision support
system’s effectiveness in providing water conserving irrigation scheduling of crops and at
different locations in this region while maintaining crop yield.
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CHAPTER V
UNMANNED AERIAL VEHICLE DATA MULE OVER A
SENSOR NODE STATION NETWORK IN MAIZE
5.1

INTRODUCTION
Wireless communication technology has contributed towards the advancement of

precision agriculture by providing an optimal alternative to gather and process
information (Behzadan et al., 2015) by improving efficiency and profitability of field
crop production and conservation of natural resources. Wireless communication
technology has contributed to the implementation of wireless sensor networks (WSNs). A
WSN system is comprised of several nodes, with each node being a low-power and lowcost device equipped with one or more sensors, a processor, memory, a power supply,
and a transceiver (Yick et al., 2008). Each sensor node communicates wirelessly through
a communication link and transmits data to a base station or coordinator node via a
gateway.
The feasibility of deploying WSNs at low cost has made these systems highly
desirable for military, agriculture, sports, medicine, and industry. Several studies have
demonstrated the potential applications of WSN as cost-effective processes to improve
agricultural resource management such as irrigation management systems (Adamala et
al., 2014), farming systems monitoring (Camilli et al., 2007; Kim et al., 2014; Siddique et
al., 2019), pest and disease control (Bhargava et al., 2014), controlled use of fertilizers
(Gonçalves et al., 2014), cattle movement monitoring (Kwong et al., 2012), ground water
quality monitoring (Zia et al., 2013), greenhouse gases monitoring (Malaver et al., 2015),
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asset tracking (Misra and Singh, 2012), and remote control and diagnosis (Coates et al.,
2013; Morais et al., 2008). However, WSNs pose a few challenges in application
(Akyildiz and Kasimoglu, 2004; Yick et al., 2008) such as low battery power, limited
computation capability, and the small memory of sensor nodes. Other challenges that
hinder the agricultural application of WSNs are energy efficiency, cost, communication
range, optimum deployment schemes, measurement periods, routing protocols,
scalability, and fault tolerance (Ojha et al., 2015). Thus, innovations and creativity in
WSN design in agriculture are needed.
Unmanned aerial systems (UASs) have found a wide range of applications in
wireless communication during the past few years because of their high maneuverability
and low cost. For an existing WSN, the UAS can be considered as a perfect carrier, and
can be used to form a UAS based WSN (UWSN). In comparison to other traditional
mobile sensor nodes, a UAS-enabled WSN could provide a faster moving speed, longer
deployment range, and a relatively longer operating time (Sun and Boukerche, 2018).
Recently, the potential and scope of a UWSN has been an interesting research topic to be
investigated. Malaver et al. (2015) presented the development of a solar powered UWSN
to monitor greenhouse gases (methane and carbon dioxide). Kirichek and Kulik (2016)
developed analytical and simulation models of a flying ubiquitous sensor network, and
concluded that the characteristics of these devices are the most suitable for solving the
transfer of a small amount of data (transmission rate of 240 – 280 bits/s) over long
distances. Multiple UAS-mounted aerial base stations were employed to serve a groundbased group of users by Wu et al. (2018) in order to investigate the dynamics during
uplink and downlink communication. Similarly, a rotary-wind UAS based WSN system
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with minimum energy requirement for wireless communication was proposed by Zeng et
al. (2019).
In this study, a UWSN system design is proposed comprised of hybrid terrestrial
surface and sub-surface sensor network stations that communicate with an airborne data
mule deployed on an UAS. Each sensor node station of the network is equipped with
three soil water content sensors and one infrared thermometer. The UAS based data mule
design is based on criteria and constraints based on the experimental site (research farm)
and the nature of the experiment to be conducted. Design criteria for the UWSN system
include different wireless technologies available, types of UAS, radio power source, and
memory storage. The major constraints while designing the systems were design cost and
adoptability.
Six designs based on design criteria and constraints were considered and assessed
in this study, and the best design that met the desired requirements was selected and
validated in maize over different UAS heights and lateral distances. The design objective
was to assemble and test a soil water/crop canopy temperature measurement system with
the purpose to monitor soil water content, plant canopy temperature, and air temperature
at strategically selected locations across a field in real time. The system was based on a
hybrid terrestrial surface/sub-surface sensor network using: 1) a traditional wireless
sensor network enabled by radio, and 2) an airborne data mule deployed on a UAS.
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5.2

MATERIALS AND METHODS

5.2.1

DESIGN

5.2.1.1 CRITERIA
The wireless communication system was designed to develop a long distance
communication channel that sufficiently covers the research area at the University of
Nebraska’s Eastern Nebraska Research and Extension Center (ENREC) near Mead,
Nebraska. The maximum permissible height (as per Federal Aviation Administration) at
which the UAS flies is 122 m above ground, so the maximum height at which the success
of wireless communication would be investigated was limited to 122 m. To establish
communication between the transceiver radio and the secondary radio, signals must
overlap within their emitted signal footprints. Thus, the line of sight (clear
communication path) between the transceiver radio and the secondary radio must be
considered for a large research farm (area > 50 ha) like that at ENREC. In addition,
communication could be affected by the vegetative canopy itself, which cannot ensure a
sufficient clearance area and will cause signal propagation absorption, reflection,
attenuation, and scattering (Jawad et al., 2017). Therefore, the desired range of distance
between the radios could be around 2000 m in order to establish the communication.
The basic scheme is to retrofit the UAS with a wireless transceiver and retrieve
datasets from the wireless sensor network as the UAS flies across a typical field from the
US mid-west covered with maize. The network size should be scalable in a scenario
where more radios are needed. The transmission rate should be approximately a few
hundred kilobits per second and the minimum data transfer should be approximately 2 - 3
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megabits per flight. Each sensor node station will record point measurements from five
sensors frequently. The time duration for each data transmission operation for the
ENREC field should be approximately two minutes to accommodate battery charge
needed by the UAS while it maneuvers over the sensor node stations and downloads data.
5.2.1.2 CONSTRAINTS
A primary reason for slow adoption of precision agriculture technology is the low
rate of return on the investment. An opportunity to place low-cost sensors and advanced
information systems at desired locations for improving agricultural operations efficiency,
while protecting natural resources (non-destructive installation) will add novelty to the
overall objective. The design must include a low learning curve as well as low cost to
encourage adoption by producers/agronomists..
5.2.1.3 DESIGN PARAMETERS AND PROPOSED DESIGNS
Based on the design objective, criteria, and constraints, various possibilities for
the design of a wireless communication protocol were explored. The different designs for
the wireless communication system for a field such as that provided at ENREC were
based on capabilities, adaptability, and cost of: 1) wireless technology protocol, 2) UAS,
3) system power source, and 4) data storages.
1) Wireless technologies designed for industrial/commercial applications and
most commonly used for agricultural farm operations explored for this study
were long range radio (LoRa), ZigBee, and general packet radio service
(GPRS). The LoRa protocol has been introduced by the LoRa Alliance for
low power and wide area Internet of Things (IoT) communication associated
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with indoor transmission (Pitì et al., 2017).The LoRa gateway is capable of
collecting data from LoRa nodes to construct the topology of a star network,
and may communicate with a cloud server over a long communication with a
high scalability. The LoRa protocol has found wide range of applicability in
precision agriculture (Gil-Lebrero et al., 2016; Ilie-Ablachim et al., 2016;
Siddique et al., 2019). Based on the ZigBee wireless protocol, the sensor
nodes in the agricultural field can communicate with the router for a range of
100 m. Recently studies have employed ZigBee for precision agriculture
(Cancela et al., 2015; Huircán et al., 2010; Rao et al., 2016) because of its
merits like low power consumption, low cost, self-forming characteristics, and
suitable communication range. On the other hand, General Packet Radio
Service (GPRS)/3G/4G employs packet data service for GSM-based cellular
phones. The GPRS technology depends on the volume of consumers that
share common communication channels and resources, and frequently
experiences variable delays and throughputs. The sensors could be interfaced
to the sensor board of the GPRS system to obtain information and such
information is transmitted to the remote server through the GPRS board,
which depends on a GSM/GPRS mobile network. Some studies have
deployed GSM/GPRS mobile network for applications in precision agriculture
(Gutierrez et al., 2014; Navarro-Hellín et al., 2015; Zhang et al., 2010).
2) The different designs for the UAS that were considered for the design were
fixed-wing and multi-rotor as these are most commonly used for agricultural
operations. Fixed-wing UAS has a longer flight endurance capacity while
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multi-rotors can provide for stable and easy vertical take-off and landing
(Boon et al., 2017).
3) The power supply to the wireless communication setup on the UAS could be
tethered from the UAS or be powered up from an external battery source
mounted on the UAS.
4) The data transmitted could be stored on the memory storage over the UAS or
be transmitted over to the cloud.
It is essential for the system to be cost effective and adoptable.
Based on the above mentioned design parameters, the combination of types of
wireless technology protocol, UAS, power source for the system, and data storages were
assessed by considering different designs. The following designs were considered for the
study:
Design A: ZigBee wireless protocol, fixed-wing UAS, power tethered from UAS,
cloud memory storage.
Design B: LoRa wireless protocol, multi-rotor UAS, external power source,
memory storage over the UAS.
Design C: GPRS wireless protocol, fixed-wing UAS, external power source,
memory storage over the UAS.
Design D: ZigBee wireless protocol, multi-rotor UAS, power tethered from UAS,
cloud memory storage.
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Design E: LoRa wireless protocol, fixed-wing UAS, power tethered from UAS,
cloud memory storage.
Design F: GPRS wireless protocol, multi-rotor, external power source, memory
storage over the UAS.
The cost effectiveness and design adoptability were also evaluated.
5.2.1.4 DECISION MATRIX
Proposed designs were assessed based on the design objective for a field like that
provided at ENREC, the criteria, and the constraints. The evaluation of the proposed
designs was performed on a point basis where different points were allocated to the four
criteria, and two constraints. The different criteria and how the point evaluation was
assigned is as follows:
Criteria 1: The different wireless technology protocol were analyzed and given
different points from 1 to 3. The GPRS wireless protocol has a communication range in
between 1 – 10 km but has a higher power consumption (560 mW), and was given 1 out
of 3 points. The ZigBee wireless protocol has a communication range of 100 m and has
lower power consumption (36.9) but the line-of-sight between the sensor node and the
coordinator node must be available, so the canopy interference would be an issue. The
ZigBee wireless protocol was given 2 out 3 points. However, the LoRa wireless protocol
was given 3 out of 3 points because of its long range (5 km), and low power consumption
(100 mW).
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Criteria 2: The different types of UAS were studied and given points from 1 to 2.
As per the design criteria for this study, the fixed-wing UAS was given 1 out of 2 points
because of its limitations like low maneuverability, higher cost, and tedious take-off and
landing. The multi-rotor UAS was given 2 points because of its merits such as better
maneuverability, and more controlled take-off and landing.
Criteria 3: The different types of power system were studied and given points
from 1 to 2. The power system to the wireless communication setup could be tethered
from the UAS but it could potentially add load on the battery of the UAS, so it was given
1 out of 2 points. An inexpensive and light external power source mounted over the UAS
could be a better alternative than tethering the power from UAS as it could take care of
the power requirements of the whole system, and it was given 2 points.
Criteria 4: The different types of data storages were considered and given
different points from 1 to 2. The data transmitted over a single flight would be small in
size (around 2 megabits), so a cloud storage would not be very helpful in this scenario.
The data storage on cloud was given 1 out of 2 points, and the data storage on a memory
card was given 2 points.
Constraint 1: Cost-effectiveness of the system was calculated. Based on how
cost-effective a design system is, points ranging from 1-5 were given to the system. Low
points were allocated to the design with higher cost and vice-versa. While comparing the
cost for different designs, the above mentioned three criteria (wireless technology, type of
UAS, and power source for the communication) played a major role. For evaluating the
cost effectiveness of a design, two points were allocated to the cost of the wireless
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technology protocol, two points to the cost of the type of UAS, and one point to the
power source for the wireless communication. The LoRa and ZigBee wireless protocols
(allocated two points) were low cost setup systems in comparison to a GPRS wireless
protocol (one point). The fixed wing UAS is an expensive UAS (allocated one point) in
comparison to the multi-rotor UAS (two points), in general. Tethering power from the
UAS would be economical (allocated 1 point) in comparison to mounting an external
battery source (0 point) on the UAS.
Constraint 2: Adoptability of the design system was determined. Points ranging
from 1-5 were given to the system based on the adoptability of the system. The
adoptability of the design was based on the application of the system by a producer/crop
consultant for agronomic decision making. Low points were allocated to the design with
lower adoptability and vice-versa.
Table 5.1. The decision matrix table for the various proposed designs and the points allocated to each
design based on the four criteria and two constraints.

Design A
Design B
Design C
Design D
Design E
Design F

Criteria1
(Technology)
2
3
1
2
3
1

Criteria2
(UAS)
1
2
1
2
1
2

Criteria3
(Power)
1
2
2
1
1
2

Criteria4
(Data)
1
2
2
1
1
2

Constraint1
(Cost)
3
4
4
5
3
5

Constraint2
(Adoptability)
3
5
3
5
3
4

Total
11
18
13
16
12
16

Based on the total points allotted to ‘Design B’ in Table 5.1 (i.e., LoRa wireless
protocol, multi-rotor UAS, external power source, memory storage over the UAS), it was
selected and investigated as the design suitable for operations with maize fields similar in
size as the ENREC field.
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5.2.2 EXPERIMENT DESCRIPTION
A field experiment based for testing the proposed design was conducted over
maize growing at a research farm located in the University of Nebraska’s Eastern
Nebraska Research and Extension Center (ENREC) near Mead, Nebraska during the
2020 and 2021 growing seasons. The field size was nearly 53 ha with maize planted in
one half of the field and soybean planted in the other half, and was irrigated with a center
pivot (Lindsay Corporation Zimmatic 8500). In 2020, the field was planted with soybean
in the north half of the field and maize in the southern half. The crops were rotated during
2021 growing season (soybean in south, and corn in north). The study was conducted
when maize was at late crop physiological reproductive stages during 2020. However, the
duration of the study was from mid to late growing season during 2021.
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Fig. 5.1. A schematic diagram of airborne based unmanned aerial system data mule
communicating with stationary sensor node stations on the ground installed in maize over a center-pivot
irrigated field near Mead, Nebraska.

Stationary sensor node stations comprised of soil water content sensors and
infrared radiometer sensors were installed in maize. The number of sensor node station
replication installed in maize were four, and five, during the 2020, and 2021 growing
seasons, respectively. These sensor node stations were installed in the beginning of the
growing season. During 2020, attempts to establish communication with four replications
were made at heights of 31 m, 61 m, and 122 m, respectively during three flight days.
The UAS hovered over the stationary sensor node stations while attempting to establish
the communication. During 2021, attempts to establish communication with five
replications at lateral distances of 0 m, 38 m, and 76m, respectively were made during
nine flight days. The UAS maneuvered at a height of 31 m above the ground for all the
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flights during 2021 growing season (Figure 5.1). Signal interference due to crop canopy
cover and water losses during denting growth stage were expected to be maximum from
mid to late growing season of maize.

Fig. 5.2. Close-up view of the stationary sensor node station comprising of infrared radiometer and soil
water content sensors communicating with airborne unmanned aerial system based data mule.

A platform comprised of a transceiver radio, a mini-laptop, and a battery was
constructed and mounted on a multi-rotor UAS. The objective of this design was to
establish wireless communication with the stationary sensor node station and retrieve soil
moisture and canopy temperature datasets from these stations during the UAS flight
(Figure 5.2). The design was validated by establishing communication at different heights
(31 m, 61 m, and 122 m) during the 2020 growing season and at different lateral
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distances (0 m, 38 m, and 76 m) from the sensor node station while the UAS hovered at a
height of 31 m above the ground during the 2021 growing season (Figure 5.3).

(a)

(b)
Fig 5.3. Location of stationary sensor node stations and the trajectory of UAS for five replications during
2021 growing season: a) before the collapse of station at point ‘B’, and b) after the installation of station at
point ‘F’. There were three replications of UAS flights: i) over the station; ii) 38 m from the station; and iii)
76 m from the station.
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5.2.3

SENSOR DESCRIPTIONS

5.2.3.1 RF 450 RADIO
RF 450 radio (Campbell Scientific, Logan, UT) is a frequency-hopping, spreadspectrum radio that operates within the 902 to 928 MHz license-free band, designed
specifically to work along with Campbell Scientific dataloggers. The radio has a
maximum link throughput of 115.2 kbps. The RF 450 radio offers an advantage of high
data transfer speeds along with low current drain. A wireless network communications
over long distances (13 – 60 miles) could be achieved with this radio based on the
antenna and the line-of sight.
In a point-to-multi-point network (multi-point network), the transceiver
designated as a primary radio, is able to simultaneously communicate with the numerous
secondary radios. A multi-point network functions with the primary radio broadcasting its
messages to all secondary radios; the secondary radios respond to the primary radio when
data from the datalogger are received at the data port (Figure 5.4). A multi-point network
was used to collect data from one to many dataloggers and report back to one central site.
The central site could be a datalogger or a PC running Loggernet software.
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Figure 5.4: Simplest form of a multi-point network.

5.2.3.2 DIPOLE OMNIDIRECTIONAL ANTENNA
A 900 MHz, dipole, omnidirectional antenna (Product: 15970, Campbell
Scientific, Logan, UT (an indoor antenna with a gain value of 1 dBd [decibels relative to
a dipole antenna]) was attached to each of the secondary RF 450 radios in the experiment.
5.2.3.3 WAVE OMNIDIRECTIONAL ANTENNA
A 900 MHz 0 dBd ½ wave omnidirectional antenna (Product: 14204, Campbell
Scientific, Logan, UT) was attached to the primary RF 450 radio mounted on the UAV.
This antenna has a center frequency of 916 MHz and is equipped with an articulating
base that allows the antenna to tilt 90 degrees and rotate 360 degrees. It gives it the
flexibility to be oriented in different directions based on the platform where the antenna is
installed.
5.2.3.4 CR1000X DATALOGGER
The CR1000X (Campbell Scientific, Logan, UT) datalogger provides
measurement and control for a wide variety of applications. Applications include in
weather stations, mesonet systems, wind profiling, air quality monitoring, hydrological
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systems, water quality monitoring, and hydrometeorological stations because of its
reliability and ruggedness. The electronics of CR1000X are radio-frequency shielded by a
unique sealed, stainless steel canister and it is equipped with a battery-backed clock
assures accurate timekeeping. The secondary RF 450 radio was attached to the CR1000
datalogger. The details of how the operation was conducted is described in the Appendix
(Section 5.7).
5.2.3.5 MATRICE 600 PRO HEXACOPTER
The Matrice 600 Pro Hexacopter (DJI, Shenzhen, China) is a six-rotor flying
platform which is specifically designed for professional aerial photography, industrial,
and research applications (Figure 5.5). This UAS is equipped with a dedicated advanced
intelligent flight functions, ensuring safe and stable operation at all times. The Matrice
600 Pro Hexacopter was used for the experiment. The Matrice 600 Pro UAV has a
maximum takeoff weight of 15.5 kg and a patented battery management system to extend
flight time and provide safe and reliable power supply, suitable for fields of
approximately 50 ha.

(a)
(b)
Figure 5.5. (a) The Matrice 600 Pro Hexacopter at the research farm; (b) a close-up view of the
hexacaopter along with the secondary radio and the mini-laptop.
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5.2.3.6 GS-1 SOIL WATER SENSOR
GS-1 soil water sensor (METER Group Inc., Pullman, Wash.) is a recently
developed capacitance and frequency domain technology based sensor with a rugged,
durable design configured with two parallel waveguide rods (5.2 cm in length). The GS-1
sensor was used to measure the soil water content (as described in Chapters II and III).
5.2.3.7 SI-111 INFRARED RADIOMETER
SI-111 infrared radiometer (Apogee Instruments, Inc., Logan, Utah, USA)
measures emitted infrared radiation (within an atmospheric window of 8 – 14 μm) from
which target surface temperature is remotely determined. The IRTs monitored
temperatures of maize field surfaces continuously (see Chapter III for details).
5.2.4

EXPERIMENT DESIGN
The transceiver radio (Campbell Scientific’s RF 450 radio) was mounted on the

UAS (DJI’s Matrice 600 Pro Hexacopter) along with a mini laptop, a battery source
(12V), and an antenna (Campbell Scientific’s 900 MHz 0 dBd ½ Wave Omnidirectional
antenna) (Figure 5.5 a and b). The mini-laptop and the transceiver radio were powered by
the 12V battery source. The mini laptop was connected to the primary radio via a USB
cable. The antenna was connected to the radio with the antenna oriented downward. The
data retrieval from the datalogger to the secondary radio was scheduled using the ‘Setup’
function of the ‘Loggernet 4.5’ software (please refer to Appendix section for this
chapter). The process of establishing wireless communication and scheduling data
retrieval from different secondary radios using the transceiver radio has been documented
in Appendix A.
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Five stations were installed in the field (A-E) during the 2021 growing season
(Figure 5.3a). One of the stations collapsed in the middle of the growing season due to a
rain storm, and it was replaced by installing a station at point ‘F’ in the field (Figure
5.3b). The sensor node station comprised of a secondary radio (Campbell Scientific’s RF
450 radio), an antenna (Campbell Scientific’s 900 MHz 1 dBd Omnidirectional antenna),
datalogger (Campbell Scientific’s CR1000X datalogger), a battery source (12V), soil
water content sensors (MeterEnvironment’s GS-1), and an infrared radiometer (IRT)
sensor (Apogee Instruments SI-111, Logan, UT). The secondary radio, the antenna, the
datalogger, the battery source and the wires for soil water content sensors and infrared
radiometer were enclosed in an enclosure box (Figure 5.6 a and b). See Appendix B for
the code for the soil water content sensors and infrared thermometers. The secondary
radio was connected to the datalogger via a null modem cable. The enclosure box was
mounted at a height of 1.5 m above ground for stations B, D, and E, and 0.6 m above the
ground for stations A and C during the first two experimental trials. During the third
experimental trial in 2020, all the enclosure boxes were mounted at a height of 1.5 m
above the ground. The soil water content sensors were inserted at a depth of 0.15 m, 0.46
m, and 0.76 m, respectively. The IRT sensor was mounted at a constant height of 1 m
above the maize canopy consistently throughout the growing season. The sensors were
connected to the datalogger. The output from the sensors were recorded at a sampling
frequency of 5 s and was averaged once every 15 minutes.
Soil moisture and canopy temperature data retrieval from the datalogger was
transmitted through the secondary RF450 radio to the transceiver RF450 radio mounted
on the UAS. Communication connection success and data transmission and receipt for
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this design was assessed at different heights (31 m, 61 m, and 122 m above the ground) in
2020, and at different lateral distances (0 m, 38 m, and 76 m) from the node station at a
height of 31 m above the ground in 2021. The interference due to crop canopy was
highlighted by the lower connection success rate.
The success of the enabled communication was quantified in terms of connection
success rate (determined in %). The connection success rate for each treatment and each
trial day was calculated as:
𝐶𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛 𝑆𝑢𝑐𝑐𝑒𝑠𝑠 𝑅𝑎𝑡𝑒 (𝑖𝑛 %) =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑟𝑒𝑝𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠 𝑤ℎ𝑒𝑟𝑒 𝑐𝑜𝑚𝑚𝑢𝑛𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑤𝑎𝑠 𝑒𝑠𝑡𝑎𝑏𝑙𝑖𝑠ℎ𝑒𝑑
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑟𝑒𝑝𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠 𝑐𝑜𝑚𝑚𝑢𝑛𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑤𝑎𝑠 𝑎𝑡𝑡𝑒𝑚𝑝𝑡𝑒𝑑

× 100
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(a)
(b)
Figure 5.6. (a) Sensor node station comprising of infrared radiometer sensor sensing the crop
canopy; (b) the layout of data logger along with the secondary radio and the power battery source.

The wireless communication and data retrieval was scheduled via the UASmounted mini laptop. The scheduling was input before the UAS flight using the unique
PakBus address associated with the CR1000X datalogger of each sensor node station.
While the UAS was in line of sight of an individual sensor node, the UAS transceiver
radio connected to the mini-laptop would connect to a sensor node station secondary
radio. It was assumed the UAS would take one minute to fly from the start point to
station ‘A’ where it would establish wireless communication with the sensor node station
secondary radio, then from station ‘A’ to station ‘B’, and so on until it returned to the
start point (Figure 5.3). The transceiver radio was scheduled to establish wireless
communication with the next node station in the UAS flight path one minute after the
start of the flight to that station. Once wireless communication was established, data were
retrieved from the secondary radio (a duration of approximately 1 minute). Once data
retrieval was completed, the UAS would maneuver to the next node station along the
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flight path (Figure 5.3), repeating the process for each station along the path until the
UAS returned to the starting point. The wireless communication schedule considered the
time required for the UAS to fly from one node station to another (approximately 1
minute) and the time required to retrieve data from a sensor node station when the UAS
maneuvers over the station (approximately 1 minute). Thus, the entire data collection by
the UAS from start to finish took 9 minutes for 2020 with four stations and 11 minutes
for 2021 with five stations.
Table 5.2. Dates for planting, observed vegetative growth period, and reproductive growth period
for maize at the ENREC field site during 2020 and 2021 growing seasons.
Maize Growing Season
2020
2021

Planting Date
11 May
28 April

Vegetative Period
28 May – 16 July
14 May – 16 July

Reproductive Period
17 July – 29 September
17 July – 26 September

To accomplish the objective of achieving wireless communication and successful data
retrieval between the transceiver radio and the secondary radio during 2021 growing
season, the UAS was flown: i) over each sensor node station, ii) 38 m laterally away from
the node station, and iii) 76 m laterally away from the node station (Figure 5.3a and
5.3b). However, during 2020 growing season, the UAS was flown over the station and: i)
31 m above the ground; ii) 61 m above the ground; iii) 122 m above the ground. Once the
UAS returned to the start point/end point, the status of the wireless communication
between the transceiver and the secondary radios was checked. Two out of nine flights
were taken before the station at location ‘B’ collapsed due to storm, and rest of the seven
flights were taken after the station at location ‘F’ was installed.
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5.3

RESULTS
The soil moisture and the crop canopy temperature datasets from stationary sensor

node stations were retrieved via the secondary radio linked with the datalogger to the
mini-laptop connected to the transceiver radio mounted over the UAS. The size of data
retrieved from each sensor node station was around 0.3 – 0.4 megabytes (MB). It took
around a minute to retrieve seven days’ worth of data from each stationary sensor node
station. Each dataset retrieval was comprised of around 10,000 values (soil water content
at three depths was reported once every 15 minutes, and crop canopy and air
temperatures were reported every minute). It took a minute for the UAS to maneuver
from one sensor node location to another. Therefore, the data retrieval from each sensor
node station was scheduled two minutes after the previous sensor node station.
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Table 5.3. The communication success rate (in %) for three treatments (31 m, 61 m, and 122 m above the
ground) during 2020 growing season in maize.

Flight Date
9/2
9/16
9/30

Connection Success Rate (in %) during 2020 growing season in maize
31 m above ground
61 m above ground
122 m above ground
100%
25%
100%
50%
50%
100%
75%
75%

During the 2020 growing season, there were four replications of sensor node
stations installed in maize. Communication connection was attempted at two to three
UAS heights (31 m, 61 m, and 122 m) for each node station during three experimental
trial events during the 2020 growing season (September 2, September 16 and September
30) (Table 5.4). The maize crop was at early denting growth stage on the first
experimental trial event/flight day. However, for the second and third flight day, the
maize was 75% past denting reproductive stage (R5.75), and physiological maturity,
respectively. A 100% communication connection success rate was observed at 31 m
above the ground (Table 5.3). Therefore, the 31 m height was used in investigating the
effect of crop canopy interference on radio communication along different lateral
distances (0 m, 31 m and 76 m) from the stationary sensor node stations during 2021
growing season.
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Table 5.4. The flight dates along with the maize physiological growth stages during 2020 and
2021 growing seasons.
2020 growing season
Flight date

2021 growing season

Physiological Growth
Stage

Flight date

Physiological Growth
Stage

9/2

R5.3

7/27

R1 (silking)

9/16

R5.75

7/30

R2 (early blister)

9/29

R6

8/21

R5.1 (early dent)

8/24

R5.2

8/25

R5.25

9/4

R5.4

9/6

R5.5

9/8

R5.55

9/10

R5.6

Nine flights were conducted during the 2021 growing season; the first two
experimental trial events during 2021 growing season were conducted when the maize
was in the initial physiological reproductive stages (i.e, silking and early-blister), while
the others were in various phases of the dent stage R5 (Table 5.4). The connection
success rate was 100% when the UAS was over the station and 38 m away from the node
station (Figure 5.7). However, the success rate was lower (40 - 60%) when the UAS was
further (i.e., 76 m) from the station. The remaining three flights were conducted during
the late reproductive stages (early to mid-denting, Table 5.4) of maize. In general, the
connection success rate when the UAS was over the node station (0 m) and 38 m laterally
away from the station was 60 - 100% and greater than the connection success rate when
the UAS was 76 m laterally away from the station. However, at around mid-denting
reproductive stage and beyond, the connection success rate for remaining three treatments
was 100% (Table 5.4).
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Figure 5.7. The connection success rate (in %) for the five replications of secondary radios
communicating with the primary radio mounted on the UAS for three treatments during 2021 growing
season. The UAS maneuvered at a height of 31 m above the ground at a lateral distance of: i) 0 m from
(over) the sensor node station; ii) 38 m from the sensor node station; and iii) 76 m from the sensor node
station.

5.4

DISCUSSION
The deployment of wireless communication amongst sensor networks in

agriculture is still at an early stage of development. The agricultural sector has highly
benefitted from WSN technologies and is expected to be equally contributed by IoT
technologies as the management and analysis of IoT data can be used to automate
processes, predict situations, and improve many activities, even in real-time (Tzounis et
al., 2017). In addition, the scope of IoT has increased recently in the agricultural activities
such as farming, planting, and animal rearing (Kour and Arora, 2020; Ojha et al., 2015).
The current study proposes the use of narrow band-internet of things technology, i.e. the
LoRa (long range radio) technology, as a means of monitoring water and plant status in
an agricultural setting. The LoRa technology offers various advantages such as low
power consumption and data transmission over longer distances in comparison to other
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wireless technologies or protocols used in agricultural applications, such as WiFi,
Bluetooth, ZigBee, GPRS/3G/4G, and SigFox (Jawad et al., 2017). The comparison
indicated that ZigBee and LoRa wireless protocols are more convenient for agricultural
applications because of their low power consumption, and a suitable communication
range for ZigBee and a long range communication range for LoRa. Similarly, Mahmoud
and Mohamad (2016) demonstrated that LoRa is a good candidate for low-power, point
to point connectivity for longer distances amongst other wireless communication
techniques. Wixted et al. (2016) evaluated the performance of LoRa technologies for
indoor and outdoor settings, and across physical layers (a mix of newer concrete, glass,
and sandstone buildings) wireless and multi-gateway wide area networks, and found this
technology can provide a reliable link for low cost remote sensing applications.
This information could be highly valuable for farmers who do not have access to
weather information due to electricity limitations or no access to media. The low power,
and LoRa wireless sensor networks can be transmitted to cloud platforms for both private
and public networks to facilitate optimal resource utilization and real-time data
accessibility from everywhere.
The optimal data transmission rate for the network architecture in this study was
240 – 480 bits/s, and the LoRa technology’s sizable hardware implementation make this
very suitable. With this technology, the size of the data that were transmitted from the
stationary node station was approximately 4000 – 5000 bits as the UAS maneuvered over
the stationary node station for one minute. An effective data transmission and collection
was accomplished. The study by Kiricheck and Kulik (2016) and Reda et al. (2017)
confirm the suitability of the LoRa technology.
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In this study, the commercially available LoRa-based radios for wireless
communication were used and it was found that the communication success rate for the
radios was at 100% when the UAS maneuvered at a height of 31 m above the ground in
comparison to 61 and 122 m heights during the late reproductive growth stages for maize.
During 2021 growing season, when the study was conducted during mid to late growing
season, a potential interference from the maize crop canopy was observed. A lower
connection success rate (20 - 60%; average 60%) occurred when the lateral distance
between the UAS and the stationary sensor node station was higher (i.e., 76 m) when the
maize plants were in the early R5 stages, when maize crop was losing moisture in the
above ground biomass, the vegetation interferes communication. The radio
communication has higher interference from water as the radio frequencies get severely
attenuated by water (Lloret et al., 2012). The average moisture content changes from 60%
to 30% at denting stage (R5), and physiological maturity stage (R6), respectively
(Nielsen, 2017). Eventually, when a substantial amount of water was lost with lower
biomass around mid-denting stage, the connection success rate increased (around 100%
for all three lateral distance treatments). Antenna placement within the enclosure which is
embedded in the canopy could potentially be an issue and needs to be further researched
to potentially strengthen communication possibilities.
The final UWSN design recommended from this study uses LoRa wireless
protocol, multi-rotor UAS, external power source, and memory storage over the UAS
with the UAS maneuvering at 31 m above the ground and close to the stationary sensor
node station in order to establish communication connectivity and data retrieval. This
approach ensures 100% communication connectivity and could be used by a producer or
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farmer to monitor real-time measurements of soil water and plant status. The wireless
communication system could provide real-time monitored soil moisture and crop canopy
temperature, and can help farmers make agronomic decisions to increase their
agricultural productivity. The proposed approach of wireless communication could be
deployed for public, private, or industrial IoT applications.
A wide range of unforeseen challenges were witnessed while deploying the
airborne based data mule for data retrieval. Since the UAS and UAS related technology is
recently developed and currently evolving at a fast pace, there would be challenges and
uncertainties involved in using this technology. There has not been wide applicability of
this technology for setting up the UWSN systems. While conducting the research during
2020 and 2021 growing seasons, unexpected problems had to be addressed while
developing, troubleshooting, and fine-tuning the technology and procedures used to
retrieve the datasets. The system components such as the connector cable connecting the
mini-laptop and the radio would detach occasionally during the flight. The connector
cable malfunctioned twice during the two growing seasons, following which a thick
connector cable was used for remaining flights. A thick connector cable ensured that the
cable would not detach from the radio and no malfunctioning. A stationary sensor node
station collapsed during 2021 mid growing season due to a rainstorm. The station was
removed and the radio was mounted on a different stationary sensor node station. The
data retrieval scheduling on the primary radio had to be done before the flight, so the
flight route and time allocated for maneuvering from one station to another, and data
retrieval had to be systematically planned. Even though, significant strides were made in
designing and deploying UAS based data mule systems, future research aiming to
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evaluate the scalability and adoptability of the UWSN system would strengthen the
applicability of the system. The feasibility of mounting a RGB-infrared imaging camera
and capturing the thermal imagery of the field along with the simultaneous functioning of
data mule system should be explored.

5.5

SUMMARY AND CONCLUSIONS
Several designs of data mule systems with IoT enabled communication using

radios were proposed. Based on the favorable design criteria and constraints, a final
design of a data mule was selected which was comprised of equipment using long range
radio wireless communication protocol (Campbell Scientific’s RF 450 radio), an external
power source, a multi-rotor UAS (Matrice 600 Pro Hexacopter), and a memory storage
on the UAS. The design of the data mule was tested over a stationary sensor node station
network in maize field at eastern Nebraska during the latter portions of 2020 and 2021
growing seasons. Each stationary sensor node station installed in maize was comprised of
three soil water content sensors, one infrared radiometer, and one secondary radio.
Investigation of the communication connectivity success at various UAS heights above
the stationary nodes (in 2020) and lateral distance (in 2021) from the nodes was
implemented. Three experimental trials during 2020 growing season demonstrated that a
100% communication connection success occurred when the UAS maneuvered directly
over the node station at a height of 31 m above the ground. Henceforth, the UAS was
flown at a height of 31 m above the ground consistently during 2021 growing season to
investigate the effect of lateral distance from the node station on the communication
connectivity success. For the nine experimental trial events (flight days) from the early
reproductive growth stages to the mid-denting growth stage during 2021 growing season,
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the connection success rate was higher (80% average) when the UAS was directly over
the node station (0 m lateral distance) and at a lateral distance of 38 m from the node
station. The connection success rate was lower when the UAS was 76 m laterally away
from the node station (60% average). In general, the lower connection success rate at
higher heights and further distances from the node station was potentially due to the
interference from the maize canopy and plant water and the location of the antenna in the
enclosure; during late reproductive physiological stages when plant water is lower a
higher communication success rate was achieved for all lateral distances as the crop
progressed to physiological maturity.
During the course of 2020 and 2021 growing seasons, the airborne data mule
based UWSN system was developed and tested. There were various unforeseeable
circumstances that inhibited the data retrieval using the data mule system. The hindrances
in the proper functioning of the system were linked to the fact that during this time
period, the UAS and UAS-related technology is relatively new. In general, the
technology related to the application of UAS (flying, integrating wireless communication
devices, or retrieving datasets while flying) is all recently developed, and there has not
been extensive work to design and evaluate UWSN systems. While the main purpose of
UWSN system was meant to perform real-time monitoring of soil moisture and crop
canopy temperature for the purpose of irrigation management, significant time was spent
developing, troubleshooting, and fine-tuning the technology and procedures used to
retrieve the datasets. The final dataset retrieved during the two growing seasons could not
be used for irrigation management due to the data retrieval near the end of growing
season in 2020, and no sensor-based irrigation treatment in 2021 growing season.
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However, substantial progress was made in understanding the UAS based data mule
system and the potential of the UWSN system to improve agronomic decision making.
Future studies to investigate the scalability, adoptability, and optimum deployment
scheme (along with an RGB-infrared imaging camera and antenna location) for the
proposed data mule design could strengthen the applicability of the UWSN system.
5.6
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5.7

APPENDIX

5.7.1

APPENDIX A – WIRELESS COMMUNICATION AND DATA RETRIEVAL SETUP
To establish the wireless communication, the mini-laptop was programmed to

connect to individual sensor node stations sequentially one at a time. The ‘Loggernet 4.5’
software which is proprietary of Campbell Scientific, Inc. was used along with the
hardware from Campbell Scientific, Inc. to achieve wireless communication. The
‘SetupScreen’ function was used to connect to each stationary sensor node station
distinctly as a unique PakBusPort and PakBus address was setup for each datalogger. The
scheduling of communication was performed through the mini-laptop by programming
the software to communicate systematically with the PakBus associated with the
datalogger. An example illustration from one of the experimental trial events has been
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presented for a better understanding. Under this example, communication was scheduled
and data was retrieved for a CR1000 datalogger. After opening the ‘LoggerNet 4.5’
software, Main < Setup function was selected (Fig. 5a), and then standard view of the
‘Setup screen’ function, display different PakBusPort options associated with the COM
port that were being operated. In the current study, communications were established
through COM4 port, and for an example PakBusPort_28 has been selected for the
illustration. The communications have been enabled (Fig. 5b) under the hardware tab,
and rest all the options are default. With each PakBusPort, a datalogger is associated and
in this example the datalogger – CR1000_2001 was associated with the PakBusPort_28
(Fig. 5c). Under the hardware tab for the datalogger – CR1000_2001, the
communications enabled and the call-back enabled boxes were checked and the PakBus
address associated with the datalogger was checked, and other options were default (Fig.
5c). Under the ‘Schedule’ tab for the CR1000_2001 datalogger, the ‘Schedule Collection
Enabled’ box and the ‘Secondary Retry Interval Enabled’ boxes were checked and the
base date and time were scheduled, and rest of the options were default (Fig. 5d). Under
the ‘Data Files’ tab, the ‘Included For Scheduled Collection’ and ‘Use Default File
Name’ boxes were checked for the table (Table_Main, Table_IRT, and NDVIdata) that
should be retrieved (Fig. 5e). The output file name where the file would be saved was
specified and the collect mode ‘Data Logged since Last Collection’ was selected. All the
other options were set as default.
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(a)

(b)

(c)

(d)

(e)
Figure 5.8. (a) ‘LoggerNet 4.5’ homepage and the selection of Main < Setup function; (b)
‘Communication Enabled’ option checked under the ‘Hardware’ tab for ‘PakBusPort_28’ under ‘COM4’;
(c) ‘Communication Enabled’ and ‘Call-Back Enabled’ option checked with the PakBus address of the
datalogger ‘CR1000_2001’; (d) ‘Scheduled Collection Enabled’ under ‘Schedule’ tab and base date and
time scheduled; (e) ‘Included for Scheduled Collection’ checked for the ‘Table_Main’, ‘Table_IRT’, and
‘NDVIdata’ tables.
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5.7.2

APPENDIX B – PROGRAM CODE FOR THE STATIONARY SENSOR NODE STATION
The program code for the soil water content sensors and the infrared thermometer

sensor installed at each stationary sensor node station was developed using Campbell
Scientific’s proprietary ‘Loggernet 4.5’ software. The ‘CRBasic Editor’ function was
used in developing the program for CR1000 datalogger. The program for the datalogger
along with the comments for the explanation of code has been presented.

(a)
(b)
Figure 5.9. (a) ‘LoggerNet 4.5’ homepage and the selection of Program < CRBasic Editor
Function; (b) selection of ‘CR1000 datalogger under the ‘CRBasic Editor’ home page.

5.7.2.1 PROGRAM CODE ALONG WITH THE COMMENTS
#declare public variables
Public Batt_volt, SBTempC, SBTempK, TargmV, m, b, TargTempK, TargTempC,
GSonemV(3), VWC(3), PTemp
#dim Y
Dim I
#mention Units
Units Batt_volt = volts
Units SBTempC = degree Celsius
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Units SBTempK = Kelvin
TargTempK = Kelvin
TargTempC = degree Celsius
PTemp = degree Celsius
#calibration coefficients of Infrared Thermometer (SI-111 serial number: 7300) as
determined by the manufacturer
Const mC2 = 107257
Const mC1 = 9046420
Const mC0 = 1530620000
Const bC2 = 3171.7
Const bC1 = 53943
Const bC0 = -9752910

#defining Data Tables where the results for different outputs are stored
DataTable (Table_IRT, true, -1) #output averaged readings added to Table_IRT
DataInterval (0, 1, min, 0) #data measured every 1 minute with no offset
#SI-111 infrared radiometer
Average (1, PTemp, FP2, 0)
Average (1, TargmV, FP2, 0)
Average (1, SBTempC, FP2, 0)
Average (1, TargTempC, FP2, 0)
EndTable

DataTable (Table_Main, true, -1) #output averaged readings added to Table_Main
DataInterval (0, 15, min, 10) #data measured every 15 minutes with no offset
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#GS1 soil moisture sensors
Average (3, VWC(), FP2, False)
Average(3, GSonemV(), FP2, False)
EndTable

#Main Program to determine the desired parameters
BeginProg
Scan (10, Sec, 0, 0) #Scan at a sampling rate of 10s.
#default datalogger battery voltage measurement (Batt_Volt) and panel
temperature (PanelTemp)
Battery (Batt_volt)
PanelTemp (PTemp, 250)
#SI-111 infrared radiometer
#instruction to measure sensor body temperature detector ()
Therm109 (SBTempC, 1, 4, Vx1, 0, _60Hz, 1.0, 0)
VoltDiff (TargmV, 1, mV2_5, 1, True , 0, _60Hz, 1.0, 0) #mV2_5 means
plus/minus 2.5mV
#calculation of m(slope) and b(intercept) coefficients for target temperature calculation
(based on manufacturer’s calibrations)
m = mC2 * SBTempC^2 + mC1 * SBTempC + mC0
b = bC2 * SBTempC^2 + bC1 * SBTempC + bC0
#calculation of target temperature
SBTempK = SBTempC + 273.15
TargTempK = ((SBTempK^4) + m * TargmV + b)^0.25
TargTempC = TargTempK - 273.15
#GS1 soil moisture sensor
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SW12(1)
VoltSe (GSonemV(),3,mV5000,11,1,10000,_60Hz,1.0,0) #read out 3 GS1 sensors'
data
SW12(0)
For I=1 To 3
VWC(I) = 0.000494 * GSonemV(I) - 0.554 #calibration equation based on
manufacturer’s recommendation
Next
#call output tables
CallTable(Table_IRT)
CallTable(NDVIdata)
CallTable(Table_Main)
NextScan
EndProg

164

CHAPTER VI
SUMMARY AND CONCLUSIONS
Wireless sensor networks (WSN) and unmanned aerial systems (UAS) are
emerging technologies that have shown potential to be a viable means for advancing
agricultural operations. In this study, the potential of a UAS based WSN (UWSN) to aid
in real-time monitoring of soil water content and plant canopy temperature, to improve
irrigation management and food crop yields, providing producers with an irrigation
decision-making approach has been demonstrated.
The successful UWSN was designed to account for soil water and plant feedback
using sensor node stations and a UAS based data mule for retrieving the real-time
datasets by fulfilling the following: 1) effective soil water content sensor calibration for
measurements determining the amount of irrigation application, 2) effective means of
developing water-stressed and non-water stressed baselines for the quantification of
CWSI (used as the plant feedback for determining the timing of irrigation application), 3)
implementing the capabilities of objectives 1 and 2 in a sensor-based irrigation decision
support system (managed by soil water and plant feedback), 4) successful real-time
monitoring soil and plant feedback using the WSN, and 5) establishing communication
with an airborne data mule deployed on the unmanned aerial vehicle (UAV).
A technological advancement in determining the amount of water needed for
agriculture to improve irrigation management to conserve water while maintaining or
improving crop yield would offer relief from water shortages (Intelligence Community
Assessment, 2012). This technology to monitor soil water is highly dependent on
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calibrations of the sensors. The impact of sensor calibration on determining soil moisture
content was demonstrated (Chapter II). A laboratory experiment was conducted to
calibrate the soil water content sensor used in the WSN on the soils taken from the
research farm in Mead, Nebraska. The experiment was focused to assess the effects of
soil structure and soil texture on the calibration of the sensor. A linear calibration
equation relating the factory determined θv to the gravimetric reference θv was
statistically significant (p-value < 0.05) with the slope of undisturbed soil structure close
to unity (Figure 2.2), along with an RMSDL of 0.053, and 0.023 m3 m-3 for disturbed, and
undisturbed soil structure samples, respectively. This demonstrates that it is imperative a
producer calibrate the soil water sensor appropriately, and that field testing rather than
laboratory (and not rely on factory calibration) for the soil textural conditions similar to
the ones in the study. The uncertainty reported in the estimation of soil water depth was
higher than the uncertainty reported in the estimation of soil water depletion. Based on
that, it was recommended to use soil water depletion (Drw) to the determine water demand
at a specific site with better precision.
To effectively monitor plant feedback, the use of ΔT (Tc - Ta), Drw, (for top 1 m
profile) and the development of non-water stressed and water stressed baselines for
quantification of CWSI were investigated using soil moisture sensors and infrared
thermometers (IRTs) (see Chapter III). No unique relationship between the ΔT and Drw
was found at lower Drw ranges for maize and soybean (i.e., Drw < 170 mm for maize; and
Drw < 160 mm for soybean). However, at higher ranges of Drw (i.e., Drw > 170 mm for
maize; and Drw > 160 mm for soybean), ΔT tended to increase with an increase in Drw.
CWSI values were quantified at various growth stages and indicate a potential application
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of IRTs for deficit irrigation scheduling rather than full irrigation in a sub-humid climate
under field conditions similar to those found in this study. There are some limitations and
challenges associated with using CWSI as an indicator of plant stress. While quantifying
CWSI for a plant it is assumed that any stress on the plant is water stress (which is not
always the case). A plant can be stressed due to nutrient deficiency, high wind speed, or
disease. A different management strategy needs to be adopted in the aforementioned
scenarios rather than the irrigation application. A RGB-infrared imaging camera would
provide a better perspective for crop water stress quantification as the RGB images for
the field would have a lot more information about the crop (in terms of true canopy cover
fraction, soil background fraction, and tassel area fraction) in comparison to an IRT
sensor.
The capabilities demonstrated in Chapters II and III were implemented into a
sensor-based irrigation decision support system (managed by soil water and plant
feedback). A field experiment using uniform irrigation management was conducted
during the 2020 growing season over maize and soybean (Chapter IV). Drw (for top 1 m
profile) was determined by the soil water content sensors as the soil water feedback of the
system while CWSI was determined using output from IRT sensors (and provided the
plant feedback for the system). The mean yield ranged within 10.52 – 14.76 Mg ha-1, and
3.79 – 5.39 Mg ha-1, for the plots in maize, and soybean, respectively. The observed yield
for the rainfed treatment was significantly lower from that of the sensor-based treatment
and the conventional treatment in maize and soybean. Observed yields for sensor-based
irrigation treatment and conventional irrigation treatment were not significantly different
in maize and soybean. However, the amounts of irrigation application were statistically
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different between the conventional and sensor-based irrigation treatments in maize and
soybean. The mean irrigation application for the sensor-based treatment (101.5 mm) in
maize was less than half the mean irrigation application for the conventional treatment
(213.4 mm), but the observed yields were similar. For soybean, the amount of irrigation
applied for sensor-based treatment (91.4 mm) was less than the conventional treatment
(152.4 mm), but the observed yields were not significantly different. The results from this
study indicate that the application of Drw and CWSI could be a powerful tool to monitor
and quantify water stress continuously as similar yields were produced by the sensorbased treatment with drastically lower irrigation amounts in comparison to the
conventional treatment for maize and soybean.
A few challenges related with determining the plant feedback (CWSI) using the
IRT sensors for irrigation management were identified. It was assumed that the IRT
sensors only measured Tc which was in their field of view as the CWSI was quantified
when the crop canopy cover was higher than 80%. In reality IRT sensors measure a
composite temperature of crop canopy (sunny and shaded), tassel (in case of maize) and
soil appearing in the field of view of the sensor. The contributions of soil temperature and
tassel temperature (in case of maize) to the overall IRT measured Tc were not accounted
for while quantifying CWSI for irrigation management purposes in this study. For future
research, a RGB camera combined with a thermal infrared (RGB-Infrared) camera could
be instrumental to determine the leaf and non-leaf crop canopy components in the image
and then determine the vegetative temperature from the image. To account for soil in the
background, Liang et al. (2021) developed a crop canopy image analyzer to process
digitally captured RGB canopy image in order to obtain canopy cover accurately (R2 =
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0.96). Bai et al. (2019) observed that the thermal imaging measurement of Tc is a better
representation of crop canopy in comparison to a point-based IRT measurement. There
could be a bias in the point-based IRT measurement as Tc and soil temperature can differ
from each other during the day time, and the Tc can change rapidly in a short time
window, the distribution of temperature of the various elements in the IRT sensor field of
view could be heterogeneous based on the orientation of IRT and shading during the day
time. Therefore, a combined thermal IR + RGB camera system will have great potential
to improve the quantification of CWSI for better irrigation management scenarios. In
addition, other instrumentation strategies such as using spectral analysis/hyperspectral
imaging combined with machine learning is a promising approach to monitor multiple
stresses such as water, nitrogen, and pest stress (Ge et al., 2016, Pandey et al., 2017).
Hyperspectral imaging is difficult to implement in the field condition. Alternatively, a
spectrometer can quantify water content of the crop leaves/canopies as well as all major
nutrients (Ge et al., 2019). Furthermore, the combined effects of water and nitrogen on
canopy reflectance/temperature measurements in maize field could be assessed using a
ground-based mobile platform (Lo et al., 2020). Similar studies in the future with
advanced instrumentation and at different locations using the same management practices
are required to investigate the performance of the sensor-based irrigation for maize and
soybean in order to strengthen the conclusions of this study.
To complete the UWSN design, it was imperative to establish communication
with an airborne data mule deployed on an unmanned aerial system (UAS); several
designs were considered and one fully implemented in a field experiment during 2020
and 2021 maize growing seasons (Chapter V). The connection success rate was
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maximized when the UAS maneuvered directly over the node station at a height of 31 m
above the ground; while connection success rate was higher when the UAS was directly
over the node station and at a lateral distance of 38 m from the node station (connection
success rate > 80 %). The connection was established with a lower connection success
rate (less than 60 %) at further distances and higher heights potentially due to the
interference from the maize canopy (Jawad et al., 2017) and wireless signal attention due
to the water present in crop fresh biomass (Lloret et al., 2012; Nielsen, 2017) during late
reproductive physiological stages. Antenna position in the enclosure within the canopy
likely contributed to the lower height and shorter lateral distances. The antenna used in
the study was not weather-resistant, so it was installed inside the enclosure box. A
weather-proofed antenna could potentially connect to higher elevations and longer lateral
distances.
During the process of designing the UWSN system, a wide range of challenges
were encountered while deploying and testing the airborne based data mule for data
retrieval. Since the technologies related to the use of UAS (i.e., flying, integrating
wireless communication devices, or retrieving datasets while flying) are recent
developments and are currently evolving at a fast pace, challenges and uncertainties are
expected especially when the UWSN systems have not found wide applications in
agricultural operations. When testing the UWSN system, problems had to be addressed
while developing, troubleshooting, and fine-tuning the technology and procedures used to
retrieve the datasets, such as:
i)

raising the enclosure box with the antenna at a sufficient height above the
ground for effective communication,
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ii)

establishing communication between the radios with primary radio in the
vicinity (5-10 feet away on the ground) of secondary radio while
troubleshooting,

iii)

securing the connection between radio and mini-laptop before the flight as
connector cable would usually disconnect during the flight, and

iv)

updating the USB port on the secondary radio before the flight each time
the connector cable was replaced within the growing season, as the
secondary radio would not recognize the new connector cable and dataset
could not be retrieved.

On average, at least one stationary sensor node station collapsed every year due to
extreme weather conditions or center-pivot collision with the station. The data retrieval
using the primary radio had to be systematically planned as the data retrieval scheduling
had to be planned in advance to the flight. The final dataset retrieved using the data mule
system during the 2020 and 2021 growing seasons could not be used for irrigation
management. However, significant strides were made in understanding the UAS based
data mule system and the potential of the UWSN system to improve agronomic decision
making.
Future research might investigate the potential of the UWSN system at different
geographical locations and using different deployment protocols. Future research should
aim to investigate the scalability, adoptability, and optimum deployment scheme for the
UAS over larger areas, more stationary sensor node stations, multiple fields in a single
flight, and/or across various crops (along with the use of RGB-Infrared imaging cameras
for improved canopy temperature assessment) for the proposed data mule design at
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different geographical locations, which could strengthen the applicability of the UWSN
system for efficient irrigation and agronomic decision making. The relative success of
the sensor calibration and the UWSN design validation experiments is encouraging and
points to new opportunities which can be explored in the future research.

6.1

REFERENCES

Bai, G., Ge, Y., Scoby, D., Leavitt, B., Stoerger, V., Kirchgessner, N., Irmak, S., Graef,
G., Schnable, J., Awada, T., 2019. NU-Spidercam : A large-scale, cable-driven ,
integrated sensing and robotic system for advanced phenotyping , remote sensing
, and agronomic research. Comput. Electron. Agric. 160, 71–81.
https://doi.org/10.1016/j.compag.2019.03.009
Chapter II: Singh, J., Heeren, D. M., Rudnick, D. R., Woldt, W. E., Bai, G., Ge, Y., Luck,
J. D. (2020). Soil Structure and Texture Effects on the Precision of Soil Water
Content Measurements with a Capacitance based Electromagentic Sensor.
Transactions of the ASABE, 63(1), 141–152. https://doi.org/10.13031/trans.13496
Chapter III: Singh, J., Ge, Y., Heeren, D. M., Walter-shea, E., Neale, C. M. U., Irmak, S.,
Woldt, W. E., Bhatti, S., Maguire, M. S. (2021a). Inter-Relationships between
Water Depletion and Temperature Differential in Row Crop Canopies in a SubHumid Climate. Agricultural Water Management 256 (2021) 107061.
Chapter IV: Singh, J., Heeren, D. M., Ge, Y., Bai, G., Neale, C. M. U., Maguire, M. S.,
Bhatti, S. (2021b) Sensor-based Irrigation of Maize and Soybean in East-Central
Nebraska under a Sub-Humid Climate. ASABE 2021 Annual International
Meeting Paper. Paper Number: 21001044 (2021)

172
Ge, Y., Atefi, A., Zhang, H., Miao, C., Ramamurthy, R.K., Sigmon, B., Yang, J.,
Schnable, J.C., 2019. High-throughput analysis of leaf physiological and chemical
traits with VIS-NIR-SWIR spectroscopy: A case study with a maize diversity
panel. Plant Methods 15, 1–12. https://doi.org/10.1186/s13007-019-0450-8
Ge, Y., Bai, G., Stoerger, V., Schnable, J.C., 2016. Temporal dynamics of maize plant
growth, water use, and leaf water content using automated high throughput RGB
and hyperspectral imaging. Comput. Electron. Agric. 127, 625–632.
https://doi.org/10.1016/j.compag.2016.07.028
Intelligence Community Assessment. (2012). Global water security. Global Water
Security. Retrieved from https://www.dni.gov/files/documents/Special
Report_ICA Global Water Security.pdf
Jawad, H. M., Nordin, R., Gharghan, S. K., Jawad, A. M., Ismail, M. (2017). Energyefficient wireless sensor networks for precision agriculture: A review. Sensors
(Switzerland), 17(8). https://doi.org/10.3390/s17081781
Liang, W. zhen, Possignolo, I., Qiao, X., DeJonge, K., Irmak, S., Heeren, D., Rudnick,
D., 2021. Utilizing digital image processing and two-source energy balance model
for the estimation of evapotranspiration of dry edible beans in western Nebraska.
Irrig. Sci. 39, 617–631. https://doi.org/10.1007/s00271-021-00721-7
Lloret, J., Sendra, S., Ardid, M., Rodrigues, J. J. P. C. (2012). Underwater wireless sensor
communications in the 2.4 GHz ISM frequency band. Sensors, 12(4), 4237–4264.
https://doi.org/10.3390/s120404237

173
Lo, T.H., Rudnick, D.R., DeJonge, K.C., Bai, G., Nakabuye, H.N., Katimbo, A., Ge, Y.,
Franz, T.E., Qiao, X., Heeren, D.M., 2020. Differences in soil water changes and
canopy temperature under varying water × nitrogen sufficiency for maize. Irrig.
Sci. 38, 519–534. https://doi.org/10.1007/s00271-020-00683-2
Nielsen, R. L. (2017). Grain Fill Stages in Corn. Corny News Network, Purdue
University. http://www.kingcorn.org/news/timeless/GrainFill.html.
Pandey, P., Ge, Y., Stoerger, V., Schnable, J.C., 2017. High throughput in vivo analysis
of plant leaf chemical properties using hyperspectral imaging. Front. Plant Sci. 8,
1–12. https://doi.org/10.3389/fpls.2017.01348

